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ABSTRACT

shipping service providers is pivotal to supply-chain performance.

By replacing fragmented and subjective practices with transparent
analytics, automation reduces cost and time, improves reliability, and en-
sures decisions are reproducible at scale. To achieve this, the thesis intro-
duces an intelligent multi-criteria search engine (MC-SE) that integrates
artificial intelligence (AI) and multi-criteria decision-making (MCDM) to
support both shippers and freight companies in identifying reliable, cost-
effective providers. The objectives are to (i) develop an Al-based predictive
classifier for offshore shipping decisions; (ii) systematically map provider
criteria to the service quality framework (SERVQUAL); (iii) propose an
Al-assisted approach for criteria weighting; (iv) conduct a SERVQUAL sur-
vey for provider-side assessment; and (v) validate the framework through
an Australian case study.

Methodologically, criteria were extracted from provider websites and
benchmark datasets, then clustered into decision attributes using seman-
tic similarity techniques. These clusters were aligned with SERVQUAL
dimensions to ensure construct validity. Al-based weighting and super-
vised learning were applied within an MCDM pipeline to calculate at-
tribute importance, integrate cost as a complementary decision factor,
and rank providers objectively. This dual use of structured datasets and
unstructured textual content ensures that the framework adapts to both
traditional logistics data and dynamic, web-based information sources.
Provider-side service quality is structured via SERVQUAL, while cost is
modelled as a complementary decision attribute within the overall MC-SE
multi-criteria framework.

Validation demonstrates strong agreement between the proposed MC-SE
weighting and the SERVQUAL survey (mean absolute error (MAE), MAE
= 0.014), with dimension-level differences typically within 2—3%. The opti-
misation classifier, based on a voting ensemble, achieves 82.3% accuracy
on held-out test data. These findings show that data-driven weighting,
combined with supervised learning, can robustly support provider selec-
tion in practice.

This thesis highlights that automating the selection of maritime



Overall, this thesis develops a novel, Al-driven framework to support
the automated selection of maritime shipping service providers, bridging
gaps between academic models and industry practice. Future research
will refine the MC-SE framework, evaluate its portability across diverse
contexts, and extend the evaluation to incorporate customer-experience ev-
idence that complements provider-side quality and explicit cost trade-offs.
Importantly, providers’ clusters are consistently aligned with canonical
SERVQUAL dimensions to preserve theoretical and empirical coherence.

vi
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CHAPTER

INTRODUCTION

1.1 Introduction

Maritime transport occupies a central position in the global economy,
acting as the foundation for international commerce. Maritime transport
is estimated to handle 80% of global merchandise commerce by volume
and 70% by value [1]. Maritime transportation offers an economical and
effective method of transporting various commodities, such as raw materi-
als, finished products, and energy resources [2]. Therefore, this primary
mode of transportation supports economic expansion, encourages inter-
national collaboration, and guarantees the availability of products in
global markets. Thus, the absence of the crucial role of maritime transport
would significantly disrupt the worldwide supply chain, affecting economic
progress and globalisation.

Transportation research has emphasised the importance of consignees’
decision making in selecting maritime transport providers. Shippers con-
sider factors such as price and service quality when choosing carriers.

Shipping rates are crucial for stakeholders, as indicated by several studies
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[31[4]. Service-related criteria include customs compliance, punctuality,
packaging proficiency, door-to-door service, corporate responsibility, and
integration with other logistics systems [5][6]. Several studies indicate
that other factors, such as provider stability, adaptability, sustainability,
and durability, are crucial quality factors [7][8][9]. Moreover, shipping
service providers are not homogeneous, and different factors are crucial

in specific geographic regions and consumer groups.

1.2 Shipping Service Provider Selection

Various decision-making models are employed to select shipping ser-
vice providers, ranging from conventional multi-criteria decision-making
(MCDM) methods [10][11][12] to advanced machine learning (ML) models
[13][14]. MCDM involves the evaluation of alternatives based on multiple
criteria to facilitate informed decision-making processes. In this context,
a criterion indicates the standard factors experts use to evaluate and
compare shipping providers. These criteria include cost, trustworthiness,
responsibility, and reliability. Specifically, any MCDM method should
consist of the names of the shipping providers (alternatives) and their
respective criteria (attributes).

Conventional MCDM approaches provide systematic ways to evaluate
and compare alternatives. For example, the analytical hierarchical pro-
cess (AHP) [15][16][17] establishes a hierarchy of criteria and evaluates
shipping providers by relative importance; the technique for order of pref-
erence by similarity to ideal solution (TOPSIS) [17] identifies the most
favourable provider by distances from ideal and negative-ideal solutions;
and criteria importance through intercriteria correlation (CRITIC) [18]
assesses interdependencies among criteria to yield more balanced weights.

While effective, these tools rely on predefined criteria and substantial
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expert input, and can be difficult to scale when alternatives and attributes
proliferate (e.g., more than 80 providers across Australian ports).

Transition to advanced approaches. The reliance on expert judg-
ment and the limited scalability of conventional MCDM motivate the
adoption of data-driven methods. ML models such as random forest (RF),
eXtreme gradient boost (XGBoost), and multilayer perception (MLP) have
been used to predict freight rates and identify optimal routes [4], while
fuzzy-based approaches manage imprecision and uncertainty to support
multi-criteria evaluations [19]. Complementing these, service quality in
logistics research is most often operationalised using the service qual-
ity (SERVQUAL) scale, which assesses tangibles, empathy, reliability,
responsiveness, and assurance (TERRA) [20][21]. Reviews highlight its
strengths and limitations across sectors [22][23], while applications in mar-
itime transport and freight forwarding confirm its relevance [9][24][25].
By integrating SERVQUAL with ML models, decision-makers can achieve
both conceptual rigour and data-driven robustness in evaluating ship-
ping providers, ultimately enhancing operational efficiency and customer
satisfaction [26][27].

In addition to traditional decision-making methods and machine learn-
ing approaches, SERVQUAL has comprehensive criteria for evaluating
shipping service providers based on dimensions such as tangibles, empa-
thy, reliability, responsiveness, and assurance (TERRA) [22]. SERVQUAL
demonstrates its effectiveness in assessing service quality in maritime
shipping and other logistics domains [9][25]. By adopting SERVQUAL
or similar frameworks, decision-makers can ensure consistent evalua-
tions across service providers, ultimately enhancing decision-making pro-
cesses. Furthermore, integrating machine learning models with estab-
lished frameworks like SERVQUAL enables more robust and data-driven
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decisions in selecting shipping service providers, leading to improved
operational efficiency and customer satisfaction [26][27].

The SERVQUAL scale consists of five dimensions, providing a compre-
hensive evaluation framework to assess the overall quality of shipping

services. These dimensions include:

1. Tangibles: This dimension assesses the physical and visible aspects
of the service (e.g., facilities, equipment, and documentation appear-
ance) that shape impressions of quality and professionalism. In the
shipping context, this includes vessel condition, port facilities, and

the quality of documentation.

2. Empathy: This dimension reflects individualised care and under-
standing of consignees’ needs, emphasising tailored, attentive service.
Empathetic providers adapt to customer constraints (e.g., schedule

changes) and foster long-term relationships.

3. Reliability: The provider’s ability to perform the promised service
dependably and accurately (e.g., on-time delivery, correct documenta-
tion, and consistent tracking). Reliability underpins smooth logistics

operations.

4. Responsiveness: Promptness and willingness to help customers,
including timely responses to enquiries, proactive status updates,

and swift issue handling, which together enhance satisfaction.

5. Assurance: Knowledge, competence, and professionalism that in-
spire confidence and trust (e.g., regulatory compliance, certifications,

domain expertise, and experienced staff).

Scope and theoretical justification. While SERVQUAL structures

provider-side service quality through five core dimensions: tangibles, em-
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pathy, reliability, responsiveness, and assurance [20][21] —it does not
incorporate cost efficiency. In this study, cost is therefore treated not as a
hidden sixth dimension but as a complementary attribute that operates
alongside SERVQUAL within a multi-criteria decision-making framework.
This treatment is consistent with the literature on logistics and operations
research, where quality and cost are often analysed together using hybrid
or integrated MCDM models [28][29][30]1[31][32]. Recent work further
demonstrates that cost—quality trade-offs can be systematically evalu-
ated in shipping and logistics: hybrid models have been applied to the
selection of third party logistics providers [33], to the optimisation of last
mile delivery performance [34], to the classification of the crowd logistics
platform [35], and to the evaluation of sustainable city logistics where so-
cial cost-benefit analysis is combined with MCDM [36]. These precedents
provide a strong theoretical foundation for incorporating cost explicitly
as an external but decision-relevant criterion, ensuring that SERVQUAL
remains intact as a service quality construct.

In parallel, this study recognises the role of the consumer-side instru-
ment service performance (SERVPERF), which captures perceived perfor-
mance outcomes directly rather than relying on expectation—perception
gaps [37]. SERVPERF has been shown to align closely with value-for-
money perceptions and customer satisfaction [23][38]. To strengthen this
consumer perspective, future extensions of the framework can also in-
corporate widely adopted measures of customer voice—such as satisfac-
tion indices, customer satisfaction score (CSAT) [39], loyalty metrics like
net promoter score (NPS) [40], and sentiment signals derived from digi-
tal platforms [41][42]. By combining these consumer-oriented indicators
with SERVPERF, the framework can evolve into a dual-track model:

SERVQUAL continues to represent provider-side service quality, cost re-
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mains a complementary criterion within the multi-criteria structure, and
SERVPERF, enriched with customer-voice inputs, reflects the consumer-
side experience. This mapping not only makes the theoretical boundaries
explicit but also sets a clear trajectory for broadening the framework in a

balanced, rigorous way.

1.3 Approach

Multi-criteria decision-making (MCDM) methods, which typically rely on
experience, pose challenges for experts. The existing maritime shipping
service provider selection literature lacks a standardised model integrat-
ing diverse criteria and advanced ML approaches. While many studies
identify various factors influencing selection, they remain fragmented
and context-specific. Traditional methods for making decisions based on
multiple criteria have been used. A unified framework could address this
gap and improve transparency and effectiveness in selecting shipping
service providers. Therefore, this study provides different approaches that
utilise automated methods and advanced provider selection criteria.
This study adopts the SERVQUAL framework [25][43], to overcome the
selection limitations of the MCDM approaches. SERVQUAL structures
provider-side service quality across the five dimensions: tangibles, empa-
thy, reliability, responsiveness, and assurance. In this thesis, cost is treated
as a complementary decision attribute outside the SERVQUAL construct
(see the scope note above), and is weighted alongside SERVQUAL di-
mensions within the overall MCDM setup. Throughout the thesis, all
references to SERVQUAL follow the TERRA order (Tangibles, Empathy,
Reliability, Responsiveness, and Assurance); cost remains a complemen-
tary, non-SERVQUAL attribute integrated at decision time via MCDM.
Compared to alternative approaches, the SERVQUAL model surpasses
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other models such as the NPS [40] and four components (4C). Although
NPS primarily measures customer loyalty, the 4C model emphasises cost,
compliance, capability, and coverage.

This study opts for the SERVQUAL framework, as it allows the con-
struction of a set of criteria that facilitate consistent comparisons among
service providers and addresses the inherent heterogeneity in carrier
selection, integrating them into an Al-based model to predict the optimal
shipping provider.

The combined utilisation of MCDM and Al-based models enables the
ranking of shipping providers based on these criteria. Integrating these
dimensions into the selection process enables decision makers to compre-
hensively evaluate shipping service providers and make more informed

decisions based on various aspects of service quality.

1.4 Research Challenges

This study faces several challenges in exploring the selection of maritime
service providers in the shipping industry. The main challenges can be

summarised as follows:

1. Optimising Maritime Shipping Provider Selection: The re-
search challenge involves revolutionising maritime shipping service
provider selection based on current datasets. The challenge is to find a
suitable dataset for shipping service providers —in this thesis, the ex-
periments are conducted using the Australian Government’s Voyage
Reports dataset [44] and supported by prior ML-based optimisation
studies in maritime contexts [13][14]—and identify and tune suitable
machine-learning algorithms for precise provider predictions. The
challenge also involves integrating outputs from machine learning

models into an MCDM model, such as an analytical hierarchy pro-

7
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cess (AHP). Therefore, the research strives to bridge the gap between

industry intricacies and automated, data-driven decision-making.

. Identifying and Grouping Decision Criteria: The critical chal-
lenge is to define the appropriate decision criteria (attributes) to
select providers of maritime services. The existing literature lacks
unified guidelines for determining these criteria or how to group them.
The criteria should be easy to use and generic, considering different
shipping providers, regardless of their size, scope of work, and experi-
ence. Therefore, developing a comprehensive framework that consid-
ers both strategic and operational considerations in provider selection
is necessary. This study employs the SERVQUAL as a cornerstone
for these criteria grouping. As previously discussed, SERVQUAL is
the adopted criteria grouping approach, supported by established

applications in logistics and service quality assessment [9][22][25].

. Integrating Decision-Maker Knowledge with Al-based Models:
A critical challenge lies in effectively combining the expertise and
experience of decision makers with Al-based models in group MCDM
approaches to evaluate maritime shipping service providers’ perfor-
mance comprehensively. Bridging the gap between expert insights
and automated decision-making processes is crucial to accurately
assess and compare the overall performance of service providers in
the maritime industry. The SERVQUAL criteria were extracted from
over 300 maritime shipping service providers’ websites. The idea is
to use clustering and machine learning semantic similarity to extract
related criteria and group them semantically to generate adjectives
and acceptable service provider criteria that could be used automat-
ically in any MCDM technique, in line with prior work on hybrid
MCDM and Al integration [10][19][30].

8
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4. Generalisability of Research Findings: Ensuring the generalis-
ability and applicability of research findings beyond the Australian
shipping industry is crucial. To achieve this, contextual factors and
potential variations in industry standards and preferences must
be carefully considered, allowing the transferability of insights and
recommendations to different geographies and market contexts, as

evidenced in broader logistics and cross-industry studies [33][36].

These challenges echo broader logistics selection studies that highlight
multi-criteria trade-offs and methodological needs [45][46]. Addressing
these challenges is fundamental to improving decision-making processes,
increasing the efficiency of the ocean freight market, and empowering the
stakeholders of service providers in the Australian shipping industry to

make informed decisions.

1.5 Research Questions

Aim. To develop and evaluate an Al-enabled multi-criteria search en-
gine (MC-SE) that automates the selection of maritime shipping service
providers by combining provider-side service quality with a complemen-
tary cost attribute and data-driven predictions.

Guiding research question. How can an Al-based, multi-criteria
decision framework integrate SERVQUAL-derived quality dimensions
with a complementary cost attribute and machine-learning outputs to
automate and improve maritime shipping service provider selection?

A complete and formally enumerated set of research questions and
objectives is presented in Chapter 3, Section 3.5, where each question is

mapped to specific objectives and evaluation methods.



CHAPTER 1. INTRODUCTION

1.6 Significance of the Thesis

This thesis incorporates the widely recognised SERVQUAL framework
to extract comprehensive criteria to select maritime shipping providers,
address the industry’s unique challenges, and provide a practical tool
for evaluation and comparison. In addition, this study holds significant
value for the maritime industry in Australia, which is currently struggling
with overcapacity and fierce competition. The research aims to streamline
decision making in selecting shipping service providers by introducing
an innovative Al-based classifier model. This model uses a clustering
approach to predict the most suitable providers based on various cargo
shipment criteria originally extracted from shipping providers’ websites.
Therefore, a new model is proposed that combines artificial intelligence
with multi-criteria decision-making methods. By automating the selection
process, the thesis enhances the reliability and efficiency of the maritime
shipping market in Australia, improving market competitiveness and
operational performance. Accordingly, integrating the MCDM method
with the Al-based model ensures a more accurate prediction of the optimal
providers, further enhancing the decision-making process in the maritime
shipping market.

This section also explains how the contributions of this thesis improve
the scientific and social situation of the shipping industry. These contribu-

tions are as follows:

1.6.1 Scientific Contributions

1. The thesis makes a scientific contribution by constructing the Ship-
SERVQUAL dataset, one of the first structured efforts to systemati-
cally collect and curate criteria for shipping service providers from

their publicly available web content. Rigorous collection and valida-
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tion methods were employed, including cross-referencing information
and conducting sensitivity analyses, ensuring both credibility and

reproducibility.

2. This research could be among the first to extract the provider’s specific
selection criteria as expected by consignees based on the contents
of the provider’s websites. Rigorous methods for data collection and
analysis are employed to strengthen the credibility and reduce bias,
such as cross-referencing information along with sensitivity analyses

to assess the robustness of the extracted criteria.

3. This work utilises the SERVQUAL framework for the first time to

extract criteria for selecting maritime shipping service providers.

4. This research introduces a pioneering approach that combines an
Al-based model with the MCDM method to address the selection of

maritime shipping service providers.

5. This research prioritises shipping service providers, simplifying and

streamlining the decision-making process.

6. This thesis significantly reduces the burden on experts by providing
automatic solutions to their challenges in selecting shipping service

providers.

1.6.2 Social Contributions

1. Efficiency and Sustainability: This research improves efficiency
and sustainability in maritime shipping by developing advanced
decision-making models and integrating Al technologies. The pro-
posed approach reduces costs, improves delivery timelines, and pro-

motes environmental responsibility.
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2. Informed choices: The study facilitates informed choices by pro-
viding an evaluation framework for selecting service providers. By
leveraging Al-based models, this research study contributes to mar-
ket transparency, fair competition, and inclusivity by simplifying the

decision-making process.

3. Social responsibility: In addition to improving efficiency and sus-
tainability in maritime shipping, the selection model developed in
this research prioritises the consideration of social responsibility cri-
teria when evaluating service providers. By incorporating aspects
of social responsibility, such as ethical practices, labour rights, and
community participation, into the decision-making framework, this
model promotes responsible and ethical shipping practices, contribut-

ing to a more socially conscious and responsible maritime industry.

1.7 Thesis Structure

This thesis provides an intelligent methodology by developing an intelli-
gent framework for selecting optimal maritime shipping service providers
by combining the proposed Al-based model with the MCDM approach, se-
lecting the shipping service providers’ criteria by applying the SERVQUAL

method. The thesis structure is shown in Fig. 1.1.
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Figure 1.1: The Thesis Structure
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This thesis is organised into nine chapters. The current chapter iden-
tifies the research challenges and research contributions and provides
a brief overview of each chapter. The rest of the thesis is organised as

follows:

¢ Chapter 2: This chapter summarises the existing literature. It ex-
plores and evaluates the current literature regarding selection cri-
teria, selection methods, multi-criteria decision making models, and

the existing literature gaps.

¢ Chapter 3: This chapter provides the formal definition of the re-
search problems and also defines the concepts and terminology utilised
in this thesis. This chapter then details the research problem, the

research questions, and the research objectives.

e Chapter 4: This chapter overviews the proposed solutions, includ-
ing identifying effective service provider selection criteria using the
SERVQUAL framework, implementing an intelligent Al-based ap-
proach for weighting shipping providers’ selection criteria, conduct-
ing surveys and leveraging the SERVQUAL framework in shipping
service provider evaluation, and outlining the methodology for a

real-case study and MCDM validation within the overall framework.

¢ Chapter 5: This chapter identifies criteria used by shipping ser-
vice providers and provides details on two proposed approaches for
weighting criteria from the benchmark dataset and extracting web

content.

* Chapter 6: This chapter introduces a tailored ensemble voting clas-
sifier model for the maritime shipping industry, leveraging feature
selection, weighting, and established machine learning models to

enhance the selection of shipping service providers.
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¢ Chapter 7: This chapter introduces a novel approach to selecting
maritime shipping service providers, combining the multi-criteria
search engine (MC-SE) framework with the analytic hierarchy pro-
cess (AHP).

¢ Chapter 8: This chapter discusses the research questions that led to
the proposed intelligent multi-criteria search engine (MC-SE). The
MC-SE can be used to prioritise selection automation and simplify

decision making.

¢ Chapter 9: This chapter concludes the study by highlighting lim-
itations and proposing future work on selecting maritime service

providers using the proposed MCDM and Al approach.

1.8 Conclusion

This study examines the process of selecting maritime shipping service
providers in the Australian shipping industry. It emphasises the crucial
role of marine transportation in facilitating international trade, fostering
economic development, and supporting global supply chains. The research
focuses on the difficulties encountered in choosing service providers and
proposes adopting a MCDM approach. Specifically, it suggests integrating
the SERVQUAL framework to assess service quality. The study derives
the weights of shipping criteria from the shipping providers’ websites.
The key contributions of this thesis encompass advancements in decision-
making processes and the integration of the SERVQUAL framework,
ultimately leading to enhanced selection methodologies in the shipping
industry. The literature review is discussed and analysed in the following

chapter.
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CHAPTER

LITERATURE REVIEW

2.1 Introduction

This chapter reviews and synthesises the studies on the selection of ship-
ping service providers to frame the research questions, establish theo-
retical and conceptual frameworks, and inform research methodology.
Furthermore, the literature review focuses on weighting shipping service
providers and multi-criteria decision-making (MCDM) tools, highlighting
the gap in the literature.

The maritime shipping process involves a sequential journey from the
shipper to the consignee, transferring through different stages and loca-
tions. It starts with the shipper, who prepares the goods for transport and
arranges their collection from the origin warehouse. After being collected,
the cargo is transported to the departure port, where it undergoes the
necessary procedures, including customs clearance and documentation.
Subsequently, the shipment is loaded onto a vessel for sea transportation
to the destination port. Once the cargo reaches the destination port, it un-

dergoes customs procedures to ensure compliance with regulations. Then,
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it is transported to the destination warehouse for temporary storage and
further processing. The load is sorted, organised, and prepared for final
delivery to the consignee at the destination warehouse [47]. To ensure
a seamless and efficient sea transport process from the shipper to the
consignee, the shipper, warehouses, ports, and consignee must coordinate
effectively. Figure 2.1 illustrates the sea shipping process from shipper to

consignee.

The Sea Shipping Process

Export Customs Clearance Import Customs Clearance

Destination
Warehouse

. Origin - ;
inati Consignee
Shipper Warehouse Origin Port Destination Port g

Export Haulage

* Transfer of the
goods from the
shipper's premises

Origin Handling

+ Activities performed

by freight forwarder
or agent

Ocean Freight

+ Container shipped in

multiple vessels with
transhipments in
different ports

Destination Handling

* Receiving
documents from the
freight forwarder's
office

Import Haulage

» Transfer of the

goods from the
import warehouse
to the cargo's final

to the origin

warehouse destination

Figure 2.1: The Sea Shipping Process

Shipping service providers facilitate product transportation, storage,
packaging, and delivery within logistics and supply chains. Their promi-
nent role is represented in the collaboration with carriers, the organisation
of storage and handling logistics, and the management of paperwork and
documentation. Engaging a reliable and professional shipping service
provider can reduce costs, improve delivery timelines, and increase cus-
tomer satisfaction. Shipping service providers are essential to facilitate

the safe, efficient, and affordable maritime shipping of goods for businesses
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[48]. Selecting the most suitable shipping service provider is crucial to
ensure business success and to be able to transport goods in a minimum
of time, with lower costs and fewer risks, particularly when transporting
dangerous items across the ocean.

Transportation research has paid great attention to the decision-making
process consignees use when choosing among competing maritime trans-
port providers. Shippers rely on various decision criteria, with factors
based on price and service that influence their selection of an ocean car-
rier [3]. Multiple research studies highlight the importance of shipping
rates as an essential criterion for a broader spectrum of stakeholders
in shipping [3][4][49]. Service-based selection criteria comprise aspects
such as compliance with customs laws [5], adherence to timetables and
schedules [3][49][50][51][52], proficiency in packaging [5], provision of
door-to-door service [3][6], corporate accountability [3] and integration

with other transportation and logistics systems [6].

2.2 Review of Selection Criteria and Selection
Methods

This section discusses the selection criteria and methods for shipping

service provider selection.

2.2.1 Review of Selection Criteria

The selection criteria for maritime shipping vary worldwide. Fuel costs,
freight exchange, and trade categories such as general cargo, petroleum
or dry bulk influence the variations. These categories require evaluat-
ing capacity, cargo safety expenses, and specialised logistics and supply
requirements. For example, a study that examines Indian container ship-

ping services [52] emphasises flexibility and price as crucial factors in
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selecting container shipping providers. Similarly, countries such as Tai-
wan [3], Australia [53], South Korea [17], and the United States [4] [54]
discuss additional criteria specific to their respective contexts, with a
primary focus on schedules and quality of service. An exploratory factor
analysis conducted in [3] reveals that network, schedule, and corporate
social responsibility significantly influence the choice of maritime freight
services.

In addition, environmental criteria are often considered significant
factors in the selection process. A two-scenario experiment study [55]
examined the impact of social and ecological sustainability on carrier
selection. The results revealed that long-term ecological perceptions and
short-term social dimensions influence shippers’ decisions. Similarly, an
exploratory factor analysis conducted in a survey of Ghanaian shipping
carriers [49] identified service quality, document precision, freight prices,
environmental concerns, schedule dependability, and fast handling as
critical considerations when selecting a shipping liner.

Customer-centric or flexible services also play a crucial role in selecting
container shipping providers. In their study, Balci et al. [6] investigated
the potential for container lines to distinguish their services within strate-
gic alliances. Using factor analysis on survey data from Turkish container
lines and freight forwarders, they provided information on effective differ-
entiation strategies. They designed an interquartile presentation to show
how distinct and significant each service feature is. The findings show that
good customer connections and customer service can distinguish container
lines from each other. According to this study, container lines may be able
to grow and maintain their competitiveness in intra-alliance competition
if they adopt more customer-focused company strategies. In line with this,

the study conducted in Turkey by Tepe and Gulmez [56] demonstrated

19



CHAPTER 2. LITERATURE REVIEW

that customer value and loyalty are essential selection criteria in addition
to the internal capabilities of the shipping provider.

Based on the previous studies, the research by Igbal et al. [50] used
multiple regression tests to survey shipping lines in Pakistan and identi-
fied the most crucial factors for selecting container lines. They discovered
that cost, timeliness, dependability, information technology (IT) orienta-
tion, and communication were the most significant determinants of the
selection of the container shipping line. Ejem et al. [57] focused on using
MCDM techniques to resolve the evaluation and selection of third-party
logistics (3PL) in Nigeria. They considered cost, service level, financial
capability, reputation, and long-term customer relationships as the most
important assessment criteria for the selection process.

The work in [58] explores variations in port selection factors between
trunk liners and feeder service providers in the shipping industry. The
study highlights that trunk liners and feeder service providers have dif-
ferent operational requirements and priorities when selecting ports for
their services. The researchers conducted surveys and interviews with
industry professionals to gather data on the port selection factors consid-
ered by both shipping lines. The findings indicate that the trunk lines
prioritise transportation factors such as port infrastructure, connectivity,
and efficiency, while feeder service providers focus more on factors such as
transhipment connectivity, feeder network coverage, and cost considera-
tions. This article helps to understand port selection processes. It provides
opportunities for port authorities and shipping lines to better align their
strategies and services based on the specific needs and preferences of
different shipping lines.

However, the literature reports that most criteria for selecting shipping

service providers are fragmented and not grouped into a homogeneous
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criteria selection model, except for a few. The four components (4C) (i.e.,
customer solutions, customer cost, convenience, and communication) ma-
rine marketing framework was used to obtain relative selection criteria,
which included transport dependability, cargo security, freight prices, tran-
sit duration, and on-time delivery [19]. Ho et al. [59] identified 12 criteria,
of which integrated logistics and on-time delivery were the most relevant.
Ergin et al. [5] concluded that the availability of equipment and the notice
to consignees were the most critical considerations for shippers, based on
31 criteria collected from a survey.

From a marketing perspective, the selection of a carrier can involve
communication, existing customers, financial stability, reputation, pricing
structure, liability, fleet condition, and management [60]. The research in
[61] combines a survey and structural equation modelling to examine the
selection criteria of service provision, pricing competitiveness, corporate
image, service proficiency, and sales support in the Korean maritime
shipping industry. Price competition was found to be the most crucial
factor, but service proficiency and sales assistance were more critical
than geographical considerations. The study [52] conducted a survey
and interview based on the service quality (SERVQUAL) framework to
identify 45 criteria used by Indian shippers for container selection. Then,
the analytical hierarchy process (AHP) was applied, showing that Indian
shipping companies focus on cost, customer service, operations, reputation,
infrastructure, scheduling, and IT orientation.

The study in [62] explores the key factors that influence container
port competitiveness from the perspective of global shipping lines. It in-
vestigates port infrastructure, service quality, operational efficiency, and
location advantages. The study emphasises the significance of these fac-

tors in determining the competitiveness of container ports in the global
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shipping industry. It provides insight into port authorities and stakehold-
ers to enhance their competitive advantages and gives them insight into
shipping line customers.

However, research found that the low flexibility of cost and price was
the most critical aspect [24] of the triangulation of surveys and inter-
views to study the selection criteria in Vietnam’s shipping and logistics.
The essential factors were resource availability, service results, adopted
logistic processes, management principles and IT usage, image and repu-
tation, and social responsibility. Similarly, in the other study conducted
in Vietnam [51], the most critical factors for selecting container shipping
included service cost, operation, financial performance, and competition.

Consequently, the selection criteria for maritime shipping vary globally
and are influenced by factors such as fuel costs, trade categories, and
freight exchange. Studies highlight criteria such as flexibility, price, sched-
ules, service quality, and environmental concerns. However, customer-
centric services and factors such as cost, timeliness, dependability, I'T
orientation, and communication consistently emerge as significant deter-
minants. Further research can develop standardised selection models that
consider regional priorities. Table 2.1 summarises the criteria used to
select shipping service providers in our literature review.

As distilled in Table 2.1, existing criteria syntheses foreground provider-
side service quality but do not theorise cost efficiency within SERVQUAL.
To preserve construct integrity, this thesis treats cost as a complementary
attribute (see Table 2.2) for conceptual mapping, and formalises the scope
in Chapter 3.
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Table 2.1: Criteria extracted from literature following guidelines of [26].

Ref. Criteria (Factors) Country

Kannan et al. (2011) [52] The flexibility of services offered and price India

Fanam and Ackerly (2019) [3] Shipping lines network, schedule, and corporate social Australia
responsibility

Davis-Sramek and Robinso Social and ecological sustainability USs

(2020) [55]

Khan and Hussain (2022) [4]  Shipping costs UsS

Peter et al. (2016) [49] Service quality, document accuracy, freight prices, environ- Ghanaian
mental concerns, schedule dependability, and swift han-
dling

Balci et al. (2018) [6] Good customer connections and customer service Turkey

Ejem et al.(2021) [57] Cost, service level, financial capability, reputation and long- Nigeria
term customer relationships

Tepe and Arabelen (2022) [66] Customer value and loyalty Turkey

Igbal and Siddiqui (2017) [50] Shipping cost, timeliness, dependability, IT orientation, Pakistan
and communication

Ho et al. (2017) [59] Integrated logistics and on-time delivery Taiwan

Ergin et al. (2022) [5] Availability of equipment and the notice to consignees Turkey

ARC MARINE (2018) [60] Communication, existing customers, financial stability, rep- US
utation, pricing structure, liability, fleet condition, and
management

KIM and Kim (2020) [61] Service provision, pricing competitiveness, corporate im- South
age, service proficiency, and sales support Korea

Thai (2008) [24] The availability of resources, the quality of service, the Vietnam

logistics methods used, the management precepts, the use
of IT, the company’s image and name, and its sense of
social responsibility.

Yoon et al. (2018) [51] Service cost, operation, financial performance, and compe- Vietnam
tition

2.2.2 The Selection of Optimal Shipping Providers Using

Machine Learning Models

Machine learning (ML) can help shipping service providers select the most
efficient and cost-effective shipping routes. By analysing historical data,
machine learning algorithms can identify patterns in the data that can be

used to predict the best routes for shipments.
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The work in [63] presents a new approach to selecting resilient suppli-
ers to make decisions in digital manufacturing. The study utilises digital
data to predict supplier sensitivities to disruptions and their impact on
supply chain performance. The approach employs supervised machine
learning algorithms, specifically k-nearest neighbours (KNN), and simula-
tion in a digital made-to-order manufacturing environment. The results
demonstrate that machine learning supports decision making in resilient
supplier selection, leading to more predictable delivery and improved risk
mitigation. The study highlights the importance of developing resilient
supplier portfolios and achieving resilient supply chains through data-
oriented relationships. Moreover, the findings provide valuable informa-
tion for managers, including identifying critical suppliers, reengineering
the supplier base, and optimising risk mitigation efforts.

Our published paper [4] uses machine-learning approaches and real-
time data to predict container freight rates. The study explores the use of
ensemble models, including random forest (RF), extreme gradient boost
(XGBoost), and multilayer perception (MLP), to provide accurate forecasts.
After applying these regression-based machine learning models to the
North American TransBorder Freight dataset from 2006 to 2021, the study
finds that MLP outperforms the ensemble models with a test precision
rate of 97%. The research demonstrates the effectiveness of machine
learning in predicting container shipping rates.

Our previously proposed approach [26] comprises three steps: container
criteria extraction, best provider selection using machine learning models,
and ranking of shipping service providers using AHP. The SERVQUAL
framework is used in the container criteria extraction step, ensuring align-
ment with established quality dimensions in the shipping industry. For

provider selection, random forest (RF), extreme gradient boost (XGBoost),

24



CHAPTER 2. LITERATURE REVIEW

support vector machine (SVM) and k-nearest neighbours (KNIN) models
are used, with the voting-based approach achieving the highest accuracy
(0.8230), precision (0.8055) and F1 score (0.7748) of the models evaluated.
Then, AHP is applied to objectively rank shipping providers based on their
performance on the identified criteria. The proposed approach is applied
in a real case study focused on selecting Australian shipping providers.

The work in [27] focuses on analysing and studying the logistics supply
chain model using artificial intelligence (AI) and extensive data analysis
based on incremental kernel fuzzy clustering algorithms. The authors aim
to improve the management of transportation providers in the logistics
service supply chain to improve operational efficiency and service quality.
The results show that three suppliers are selected based on their per-
formance in customer satisfaction, accuracy of logistics operations, and
transportation cost. The paper concludes by emphasising the importance
of integrating Al and extensive data analysis in managing the supply
chain of logistics services.

The work in [64] explores the factors influencing consumers’ inten-
tion to use third party logistics (3PL) services during the COVID-19
pandemic. The study uses machine learning algorithms to predict these
factors: artificial neural network (ANN) and random forest (RF) classi-
fiers. The research finds that consumers’ attitude is the most significant
factor affecting their behavioural intention to use 3PL services. Other con-
tributing factors include customer satisfaction, perceived value, perceived
environmental concern, assurance, responsiveness, empathy, reliability,
tangibility, perceived behavioural control, subjective norms, and perceived
authority support. The study demonstrates that the ANN and RF algo-
rithms achieve high accuracy rates of 98.56% and 93%, respectively, in

predicting these factors. The results suggest that consumers are more
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likely to choose 3PL service providers if they demonstrate availability
and environmental concerns to meet customer needs. Safety and conve-
nience also play crucial roles in ensuring the continuous patronage of
consumers. The article highlights the importance of using machine learn-
ing techniques to measure behavioural intention in logistics and discusses

managerial insights for service providers.

2.2.3 MCDM Selection Methods

The existing literature provides evidence of using conventional MCDM
models to select shipping service providers. Of these models, the AHP
has been used in studies involving Chinese shippers [15]. AHP adopts a
hierarchical structure to evaluate and compare alternatives by conducting
pairwise comparisons of criteria and subcriteria, thus determining the
relative importance of each criterion. Another approach, the technique
for order of preference by similarity to ideal solution (TOPSIS), uses a
distance-based methodology to evaluate and compare alternatives [17][65].
The TOPSIS method calculates the weights of each criterion based on its
relative importance and considers the concept of "closeness" to the ideal
solution. Custom and fuzzy models incorporating fuzzy logic have also
been used to select shipping services [32][66].

In a comprehensive study evaluating 21 third-party logistics (3PL)
providers in North America, a complex MCDM model was developed [66].
This model integrates multiple decision-making methods, including crite-
ria importance through inter-criteria correlation (CRITIC), multi-objective
optimisation based on ratio analysis (MOORA), and complex proportional
assessment (COPRA). The CRITIC method was used to determine the
weights of each criterion according to its relative importance, and MOORA

and COPRA were used to evaluate the alternatives by measuring their
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proximity to the ideal solution [66]. The study also incorporated sentiment
analysis using machine learning to correlate model output scores with
customer sentiments expressed in online reviews.

The theory of reasoned action (TRA) and the technology acceptance
model (TAM) were applied to investigate the relationship between the
behaviour beliefs of the shippers and their perceived usefulness, attitudes,
and intention to select a Korea-China train ferry [67]. TRA and TAM are
MCDM methods that use a ratio-based approach to evaluate and compare
alternatives. The weights assigned to each criterion are determined based
on their relative importance. Furthermore, the study [68] uses the fuzzy
analytical hierarchy process (FAHP) evaluation to identify the most criti-
cal factor in transportation performance, focusing on the sustainability
of logistics, environmental sustainability, and social sustainability in the
context of logistics transport performance. The work in [51] builds upon
a previous model developed for evaluating domestic shipping lines and
extends it to assess the performance of container shipping companies in
Vietnam. The FAHP method is used as a decision-making tool to handle
uncertainty and vagueness in the evaluation process.

The work in [69] proposes a methodology to select 3PL providers in
cold chain management. The study addresses the importance of choosing
reliable 3PL providers to transport and store temperature-sensitive goods.
The proposed approach combines the fuzzy analytical hierarchical process
(FAHP) and the fuzzy technique for order of preference by similarity to
ideal solution (FTOPSIS) methods to evaluate and rank potential 3PL
providers based on multiple criteria. The FAHP is used to determine the
criteria weights, while the FTOPSIS is used to calculate the closeness
coefficient and identify the best 3PL provider. The methodology is applied

to a case study, which shows its effectiveness in supporting decision-
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making processes for cold chain management.

The work in [70] proposes a logistics provider selection scheme for the
healthcare industry based on a novel hierarchical clustering approach
based on weighted density. The study addresses the challenge faced by
healthcare providers in selecting logistics service providers that can meet
their specific requirements. The scheme consists of a three-step decision-
making process. In the first step, an evaluation index system is established
to assess the ability of candidate providers. The weights of the indices
are calculated using the AHP, which helps prioritise the importance of
different criteria. Candidate providers are clustered using the proposed
weighted density-based hierarchical cluster analysis (WDBHCA) method
in the second step. This method incorporates the density concepts and
weights obtained in Step 1 to enhance clustering performance. In the final
stage, the optimal class of logistics service providers is selected based on
the results of the clustering process. The proposed scheme is validated
through a case study in the healthcare industry, showing its feasibility and
effectiveness. The authors also suggest that this scheme can be applied to
selecting providers in other fields beyond healthcare.

Consequently, the literature demonstrates the application of various
MCDM models to select shipping service providers. These models employ
different approaches. However, all methods require experts to assign

initial weights and use the selection method.

2.2.4 Criteria Frameworks (SERVQUAL Framework)

SERVQUAL is a well-established framework for assessing service quality.
It helps organisations measure and improve their service performance
based on customer expectations and perceptions. This study takes advan-

tage of the SERVQUAL framework as a foundation to extract criteria to
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overcome the limitations of existing methods. SERVQUAL offers a well-
established approach to selecting shipping service providers based on
service quality only. The framework encompasses five dimensions: Tan-
gibles, Empathy, Reliability, Responsiveness, and Assurance (TERRA),
collectively providing a comprehensive set of criteria for evaluating service
quality [22]. Figure 2.2 shows the SERVQUAL dimensions when applied
in shipping services to achieve the most significant goal of satisfying

customers.

SERVQUAL DIMENSIONS IN SHIPPING SERVICES
Tangibility

Shipping

Reliability Service
Expectation

Received Shipping
Service Customers'
Quality Satisfaction

Responsiveness

Assurance

Empathy

Figure 2.2: SERVQUAL Dimensions in Shipping Services

Dimensions and Relevance:

e Tangibles: Physical and visible artefacts of service delivery (e.g.,
vessel condition, port facilities, documentation, and appearance) that

shape perceptions of professionalism and quality.
e Empathy: Individualised care, accommodation of consignee con-
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straints, and tailored solutions that foster trust and long-term rela-

tionships.

¢ Reliability: Ability to perform the promised service dependably
and accurately (e.g., on-time schedules, correct documentation, and

consistent tracking).

* Responsiveness: Prompt willingness to help (e.g., timely replies,

proactive status updates, and swift issue handling).

¢ Assurance: Knowledge, competence, and professionalism (e.g., certi-
fications, regulatory compliance, and experienced staff) that inspire

confidence.

Scope of SERVQUAL, SERVPERF, and complementary cost. As illustrated
in Fig. 2.2 and summarised in Table 2.2, different frameworks capture
service evaluation from distinct perspectives. In this thesis, SERVQUAL
is retained to represent provider-side service quality through its five core
dimensions (Tangibles, Empathy, Reliability, Responsiveness, and Assur-
ance) [20][22]. Cost efficiency, while critical for decision-making, is not a
SERVQUAL dimension and is therefore treated as a complementary at-
tribute that operates alongside the SERVQUAL construct within a multi-
criteria decision-making framework [28][29][30][31][32]. The consumer-
side instrument service performance (SERVPERF), which evaluates per-
formance outcomes directly [23][37]1[38], is acknowledged as a valuable
extension for integrating customer satisfaction (CSAT) [39], customer loy-
alty measured by the net promoter score (NPS) [40], and sentiment-based
indicators [41][42]. However, full integration of SERVPERF is marked for
future research to preserve the current study’s scope.

Despite earlier reservations about SERVQUAL’s applicability in mar-

itime shipping [24], recent studies have validated its efficacy across di-
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verse applications [9][25][32][43][45][46]. SERVQUAL emerges as a re-
liable instrument for measuring service quality, particularly in logistics
[32][45][46] and ocean freight forwarding domains [9]. Its utility extends
to aiding ocean container carriers in crafting effective marketing strate-
gies for engaging Australian shippers [52]. In contrast to frameworks
like the maritime four components (4C) model [19], SERVQUAL offers a
more comprehensive perspective, addressing the needs of consignees, ship-
pers, or customers and ensuring consistent comparisons among service
providers. However, traditional MCDM approaches often have limitations,
particularly in balancing quality and cost considerations [25][43]. Build-
ing on SERVQUAL’s foundation, this study enhances MCDM methods
for shipping service selection [26] by replacing cost-based features with
SERVQUAL, as discussed earlier. Table 2.2 summarises the most com-
mon alternative frameworks — such as NPS, customer effort score (CES),
CSAT, 4C, delivered duty paid (DDP), SERVPERF, and SERVQUAL, for
selecting criteria for shipping service providers based on the following

criteria suggested by this study:

1. Customer-Centricity: refers to the extent to which service providers
prioritise and cater to the needs and preferences of customers, placing

them at the centre of their operations.

2. Measurability: indicates the framework’s ability to be quantified or

assessed using conventional scales or qualitative data.

3. Comparability: refers to the capacity to compare the performance

of several service providers using the framework.

4. Completeness: indicates the framework’s ability to evaluate service
quality across multiple dimensions or customer experience character-

istics.
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Table 2.2: Comparison of criteria frameworks to SERVQUAL

Framework

Definition

Customer-Centricity

Measurability

Comparability

Completeness

Net Promoter Score (NPS)

Measures the likelihood cus-
tomers will recommend a
provider to others, using a 0-10
scale NPS

Not specifically designed
for customer-centricity.

Measurable using NPS
scale.

Allows provider compar-
isons.

Does not evaluate ser-
vice quality across mul-
tiple dimensions.

Customer Effort Score (CES)

Measures how easily customers
can do business with a provider
using a scale of 1-7 CES

Not specifically designed
for customer-centricity.

Measurable using CES
scale.

Allows provider compar-
isons.

Does not evaluate ser-
vice quality across mul-
tiple dimensions.

Customer  Satisfaction  Score

(CSAT)

Measures overall customer sat-
isfaction with a provider using
a 1-7 scale CSAT

Not specifically designed
for customer-centricity.

Measurable using CSAT
scale.

Allows provider compar-
isons.

Does not evaluate ser-
vice quality across mul-
tiple dimensions.

Four Components (4C)

Evaluates service quality based
on customer value, cost, conve-
nience, and communication

Does not explicitly focus
on customer-centricity.

Does not provide a stan-
dardised measure of ser-
vice quality. Relies on
qualitative data.

Allows provider compar-
isons based on 4C di-
mensions. evaluates ser-
vice quality across mul-
tiple dimensions (cus-
tomer value, cost, conve-
nience, and communica-
tion).

Does not explicitly ad-
dress all service-quality
dimensions;  provides
partial  completeness
through four marketing
components.

Delivered Duty Paid (DDP)

DDP evaluates shipping
providers based on their ability
to handle shipping processes
from start to finish

Does not explicitly focus
on customer-centricity.

Does not provide a stan-
dardised measure of ser-
vice quality. Relies on
qualitative data.

Allows provider compar-
isons based on their abil-
ity to handle shipping
processes.

Evaluates service qual-
ity across multiple di-
mensions of the shipping
process (start to finish).

Service Performance (SERVPERF)

Measures service quality solely
based on customer-perceived
performance, without consider-
ing expectation—perception gaps

Consumer-side perspec-
tive; captures direct cus-
tomer experiences

Post-service surveys, cus-
tomer ratings, and re-
views

Allows provider compar-
isons based on perceived
performance scores

Does not evaluate ex-
pectations; complemen-
tary to SERVQUAL but
noted as out-of-scope in
this study

Service Quality (SERVQUAL)

SERVQUAL evaluates provider-
side service quality across five
dimensions (TERRA): Tangi-
bles, Empathy, Reliability, Re-
sponsiveness, and Assurance

Does not explicitly focus
on customer-centricity.

Provides a compre-
hensive measure of
service quality across
SERVQUAL dimen-

sions.

Allows provider compar-
isons based on service
quality.

Evaluates service qual-
ity across multiple
dimensions (tangibles,
empathy, reliability,
responsiveness, and
assurance).
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In the existing studies, the methods used are either static (surveys) or

machine learning models based on the specific environment. Most models

are not directly related to shipping service providers except [4][26].

Mapping note. Table 2.3 consolidates the literature-derived criteria
and aligns them to the five SERVQUAL dimensions used in this thesis.

The second column lists studies and indicative factors reported by each

source; the third column summarises why those factors belong to the given

SERVQUAL dimension in the context of maritime shipping. This provides

a single, transparent bridge from prior work to the SERVQUAL construct

operationalised later in Chapter 5.

Table 2.3: SERVQUAL-aligned criteria for shipping service providers, derived from the

literature

SERVQUAL Di- Studies and Factors Explanation

mension

Tangibles Customer value research [56] This dimension validates the ship-
IT orientation and communication [50][51][52] ping provider’s capability to deliver
Network reliability and infrastructure [31[52] the necessary services. For example,
Cargo [3] choosing the port is of utmost impor-
Environmental sustainability [55] tance from the customer’s point of
Accessibility [67] view.
12 criteria in [5]

Empathy Customer relations [6] Ensuring that services can be tai-

Customer loyalty strategies [56]
Transport cost [50]

(pricing of
[31[191[501[521[511[491[59]

Customer service [52]

Rate or cost

Corporate social responsibility [3]
Four criteria in [5]

Intention to choose the service [67]
Convenience [19][59]

Service quality [49]

service)

lored as needed and unforeseen chal-
lenges can be managed instils greater
customer confidence in the chosen ser-

vices.
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Table 2.3 — Continued from previous page

SERVQUAL Di- Studies and Factors Explanation

mension

Reliability Core offering [6] If the service provider employs expe-
Door-to-door [3][6] rienced staff, it reduces the risk as-
Customer value research [56] sociated with transportation for the
Reliability in scheduling and timely service shipping provider.

[31[491[501[51][52]

Environmental sustainability [55]
Purchase intent [55]

Efficiency, quick handling [49][67]
Perceived usefulness [67]

Service quality [49]

13 criteria in [5]

Responsiveness Responsiveness [50][51] Regular updates to consigners about
IT orientation and communication the delivery schedule assist them in
[19]1[50]1[511[52][59] planning their logistics effectively.
Attitude toward the service [49]

Assurance Customer service [6] The shipping provider’s compliance

Door-to-door [6][3]

Customer value research [56]

IT orientation and communication [19][501[51]1[52]
Operation [52]

Reputation [52]

Environmental sustainability [55]
Social sustainability [55]

Trust [55]

Accessibility [67]

Perceived usefulness [67]

Shipper needs [19][59]

Service quality [49]

Document precision [49]
Environment issues [49]

25 criteria in [5]

with all prerequisites of maritime
shipment is confirmed through its
records, certifications and quality of

customer service.

The extracted criteria and their SERVQUAL alignment are consoli-
dated in Chapter 2, Table 2.3. Thus, the synthesis follows systematic

review protocols advocated for management research, ensuring trans-
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parency and reproducibility [71].

2.3 Conclusion

Several studies emphasise criteria such as freight rate, carrier capabilities
and performance, scheduling, and equipment quality. Interestingly, most of
these studies prioritise quality considerations over cost. However, there is
a prominent gap in the current research landscape, as studies that employ
ML models to automate the selection process are scarce. To address this
research gap, this study adopts the SERVQUAL framework and condenses
the selection criteria into five dimensions to improve comprehensibility
for decision-makers. Using the SERVQUAL framework and exploring the
potential of ML models, this study contributes to improving the selection
of maritime shipping service providers using MCDM approaches. This
research aims to give decision makers a comprehensive understanding
of the selection process, enabling them to prioritise customer-centricity,
measurability, comparability, and completeness. The following chapter

addresses the formal definition of the research problems.
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CHAPTER

PROBLEM DEFINITION

3.1 Introduction

Chapter 2 reviewed the existing studies on the selection of shipping service
providers, indicating their limitations related to the lack of an automated
selection process. This chapter introduces and defines the key terms and
concepts central to the thesis. It outlines the formal definition of the
research problem and presents research questions and objectives. The
methodology employed to address the identified problem is discussed. The
chapter concludes by summarising its key points and paving the way for

subsequent chapters.

3.2 Key Terms and Concepts

This section presents research keywords and their formal definitions,

providing clarity and a shared understanding of the terminology used.
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3.2.1 Decision Making

Decision making involves the selection of the best option, which requires
information analysis, situational assessment, and rational or intuitive
choices. Individual preferences, experiences, and constraints significantly
impact this process, highlighting its importance. Developing critical think-

ing skills is essential to improve decision making [72][73].

3.2.2 Decision Makers

Decision makers are individuals or groups who make decisions based
on the available information and expertise. They evaluate alternatives,
consider relevant factors, and choose the most appropriate decision to
achieve the desired outcomes [74][75].

3.2.3 Shipping Stakeholders

Shipping stakeholders comprise various individuals and organisations,
including shippers, consignees, shipping lines, freight forwarders, port
authorities, customs agencies, logistics providers, governments, and regu-
latory bodies [76]. These integral participants in the shipping ecosystem
engage in reciprocal interactions that shape and are shaped by the flow
of goods. Their collaborative efforts are essential to ensure the seamless

operation and prosperity of the industry [42].

3.2.4 Maritime Shipping

Maritime shipping is the transportation of goods and commodities by sea
using cargo ships, container ships, or tankers. It involves the movement of
goods across oceans, seas, or other navigable waterways, linking various

ports and countries [77].
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3.2.5 Shipping Service Provider

For this study, the term shipping providers refers to companies or organ-
isations that offer sea freight goods transport services. These providers
may include shipping lines, freight forwarders, and logistics companies

specialising in maritime transportation [78].

3.2.6 Selection Criteria

The selection criteria for services are the specific factors used to evalu-
ate and choose a service provider. They include quality, cost, reliability,
scalability, compatibility, expertise, support, compliance, security, and
references [3][53].

3.2.7 Criteria Weighting

Criteria weighting refers to assigning relative importance or significance
to various factors within the service selection criteria [79]. This step helps
prioritise and quantify the impact of each criterion on the decision-making
process, ensuring a more nuanced evaluation and ultimately aiding in

selecting the most suitable service provider [80].

3.2.8 Service Selection

Service selection requires meticulous evaluation of available alternatives,
considering factors such as quality, cost, dependability, scalability, and

alignment with desired outcomes [55][31].

3.2.9 Multi-criteria Decision-Making Approach (MCDM)

Multi-criteria decision-making (MCDM) is a methodology utilised to eval-
uate and choose multiple alternatives that achieve various objectives [81].

MCDM includes different criteria and factors for decision making [82].
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3.2.10 Analytic Hierarchy Process (AHP)

The analytical hierarchy process (AHP) is a multi-criteria decision-making
method developed by Thomas L. Saaty in the 1970s [83], [84]. It is a widely
used approach to decision making that includes breaking down a complex
problem into several hierarchical levels and evaluating each alternative
against multiple criteria. Using mathematical calculations, AHP helps
decision makers objectively assess and prioritise options based on their

importance and compatibility with the desired outcomes [85].

3.2.11 Artificial Intelligence-Based (Al-based) Models

Al-based models represent advanced decision support tools that harness
complex algorithms and machine learning methodologies to meticulously
analyse extensive datasets, enabling autonomous decision-making pro-
cesses [86][87].

3.2.12 Artificial Intelligence-Based (Al-based) Models

Al-based models represent advanced decision support tools that harness
complex algorithms and machine learning methodologies to meticulously
analyse extensive datasets, enabling autonomous decision-making pro-
cesses [86][87]. Several machine learning (ML) baselines were imple-
mented with scikit-learn [88], gradient boosting with XGBoost [89], and
ensemble diversity arguments follow standard theory [90]. Moreover,
support vector machine (SVM) were included given their effectiveness in

high-dimensional settings [91].

3.2.13 Clustering of Shipping Service Providers

Clustering is an artificial intelligence (AI) method that categorises or

groups various attributes, characteristics, or factors into meaningful clus-
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ters [41][92]. Clustering of shipping service providers’ [70] criteria refers
to grouping the various criteria used to evaluate and select shipping

service providers into distinct clusters or categories.

3.2.14 Classification of Shipping Service Providers

Classification is an artificial intelligence (AI) method used to classify
data points into predefined classes or categories [41][93]. This study uses
classification to categorise shipping service providers based on specific
shipping service providers’ criteria that help predict the most suitable

provider, similar to our previous research [26].

3.2.15 Semantic Similarity

Semantic similarity is a measure that quantifies conceptual relatedness
between textual elements, taking into account the meaning and interre-
lationships of words or phrases [94]. This measure uses computational
and linguistic methodologies to determine the proximity of the meaning
of two or more textual elements, allowing comparisons [95]. In this study,
semantic similarity was employed to discern the semantics of the clusters
of shipping service providers, facilitating the deduction of criteria weights

for these providers.

3.2.16 Service Quality Framework (SERVQUAL)

The service quality framework, often referred to simply as SERVQUAL,
is a comprehensive model that has been extensively used to assess and
quantify service quality. SERVQUAL examines five core dimensions: Tan-
gibles, Empathy, Reliability, Responsiveness, and Assurance (TERRA)
[96]. Accordingly, the dimensions evaluate: the physical and visible as-

pects of delivery (Tangibles), individualised care (Empathy), dependable
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performance (Reliability), prompt willingness to help (Responsiveness),

and professional competence and compliance (Assurance) [20].

3.2.17 Service Performance (SERVPERF)

The service performance framework, commonly referred to as SERVPERF,
evaluates service quality solely on perceived performance, without mod-
elling expectation—perception gaps [37]. In contrast to SERVQUAL’s gap-
based approach, SERVPERF captures the consumer-side experience di-
rectly through post-service outcomes, making it well suited to contexts
where value-for-money and satisfaction are inferred from what customers
actually receive. This perspective has been widely examined in service
quality research, where meta-analyses confirm its strong relationship with
satisfaction, attitudinal loyalty, and purchase intention [23]. In maritime
shipping, this aligns with customer ratings, reviews, and post-service
surveys that reflect timeliness, handling quality, and communication effec-
tiveness as experienced by shippers. In this thesis, SERVPERF is acknowl-
edged as a complementary consumer-side perspective to SERVQUAL, but

its full integration is deferred to future work to maintain scope.

3.3 Approach Adopted to Solve the Research Problem

The design science research (DSR) methodology is used to address the
main research questions in this thesis (see Chapter 1, Section 1.5 for the
complete set of research questions and objectives that guide this study).
DSR involves the identification of problems, the design and development
of artifacts, a rigorous evaluation, and an iterative refinement [97][98].
The employment of the DSR methodology in this investigation func-
tions as a fundamental framework for crafting an innovative solution

in maritime shipping provider selection. The DSR enables the creation
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of an Al-driven framework specifically tailored to optimise the process
of selecting maritime shipping providers. This methodological approach
not only enriches decision-making capabilities for stakeholders but also
significantly contributes to advancing knowledge within the scholarly
realms of logistics and supply chain management.

The methodology of DSR consists of five stages: problem awareness,
suggestion, development, evaluation, and conclusion. These stages are
illustrated in Fig. 3.1.

Stage 1: Problem Awareness
The first step of DSR is awareness of the problem when researchers realise
there is an existing problem that needs to be solved or a situation that
needs to be enhanced by establishing specific artifacts [97][98]. In this
study, design science research begins with a rigorous review, which un-
covers significant gaps in the selection of automated freight providers in
logistics, which has been plagued by subjectivity and information overload.
This necessitates an avant-garde approach harmonising Al and MCDM
techniques. The goal is to forge an Al-driven multicriteria selection frame-
work tailored to shipping service providers, underpinned by artificial
intelligence insights and machine learning algorithms for precise perfor-
mance prediction. Therefore, implementing DSR in this study promises
increased efficiency and transparency and addresses the knowledge gaps,
transforming logistics and supply chain management. In essence, rigor-
ous problem awareness heralds the development of an unprecedented

framework to redefine the industry.

Stage 2: Suggestion
Following the problem awareness stage, the suggestion phase emerges
when stakeholders recognise various potential solutions to the identified

problem. At this juncture, a preliminary design is proposed that describes
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Figure 3.1: Design Science Research (DSR) Methodology (Adapted from [98])
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the artifacts envisaged and their developmental pathways. It is essential
to note that the output of the suggestion stage provides valuable feedback
on the problem awareness phase, allowing for a refined examination of
this research [97][98].

In this study, during the suggestion stage, it is evident that, while
datasets were identified, they were insufficient for the envisioned Al-
based model development. Additionally, while alternative criteria models
beyond SERVQUAL were considered, they proved incomplete and lim-
ited in scope. Moreover, the manual MCDM approach used by experts in
isolation with automation was deemed impractical. Hence, the sugges-
tion stage outputs are further feedback on the problem awareness phase,
thereby the research proposal is reviewed again, which yields an accept-
able suggestion of an intelligent multi-criteria search engine (MC-SE)

decision-making framework.

Stage 3: The Development
The development stage comes immediately after the suggestion stage. In
this stage, the suggested artifacts are implemented to solve the problems
or enhance the positions. Implementation methods at this stage depend
on the artifact to be built [97][98].

The suggestion phase revealed key aspects: inadequate datasets re-
quiring further refinement and alternative criteria models which were
incomplete for maritime shipping, emphasising the need for a tailored,
comprehensive model. The impracticality of manual MCDM highlights the
importance of Al-based models, guiding the development of the MC-SE
framework. The framework development was based on the concepts of
components. The framework is equipped with the generation and weight-
ing of the shipping criteria and is then followed by the automation of the
decision-making process with an MCDM tool such as AHP. In other words,
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the manual assignments of criteria weights are not needed as input.

Stage 4: The Evaluation
The evaluation phase represents the penultimate step in the DSR method-
ology. In this phase, the artifacts created during the research process
undergo a rigorous evaluation to gauge their performance and effective-
ness. This evaluation follows the criteria specified in the research proposal
stages and the initial design suggestions. If the results fall short of ex-
pectations, a feedback loop is initiated, looping back to the earlier stages,
particularly the problem awareness, suggestion, and development phases.
This iterative review process aims to improve artifacts, aligning them
more closely with the objectives of the original research proposal [97][98].

Various evaluation methodologies are employed to address each re-
search question in this study. For instance, machine learning techniques
are utilised to evaluate the efficiency of the optimised shipping service
provider classifier. Metrics such as precision and Fl-measure are in-
strumental in assessing the effectiveness of these weights in optimising
provider selection within the dynamic maritime shipping industry. More-
over, the evaluation critically aligns the criteria weights derived from the
MC-SE framework with the survey findings. The evaluation encompasses
regression performance metrics and statistical methods for addressing cri-
teria weights concerning the survey output. In addition, the SERVQUAL
survey is evaluated following its guidelines and is then used as an input to
the MC-SE framework to gauge the reliability and validity of the proposed

framework.

Stage 5: Conclusions
The conclusion stage is the ultimate step in the DSR. This stage occurs
when final conclusions are drawn in connection with the artifacts, consid-

ering that stages 1 to 4 are iterated multiple times until the assessment
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gives acceptable outcomes [97][98]. In summation, this research repre-
sents a significant stride forward in the selection process of maritime
shipping service providers. Creating an Al-based predictive classifier,
systematically aligning criteria with the SERVQUAL framework, innova-
tive criteria weighting, and applying MCDM techniques contribute to a
transformative decision-making framework. This research addresses the
challenges of subjectivity, information overload, and dynamic maritime
shipping demands by providing stakeholders with a robust provider selec-
tion model. These findings, derived through the rigorous application of the
DSR methodology, can revolutionise decision-making processes, enhance

supply chain performance, and increase customer satisfaction.

3.4 Problem Overview and Problem Definition

This section introduces the research problem and formally defines the

study’s scope.

3.4.1 Problem Overview

The thorough review of the literature in Chapter 2 highlights a significant
research gap, particularly in automating the selection of freight providers.
This gap pertains specifically to applying Al-based intelligent models
utilising MCDM techniques, aiming for an automated process requiring
minimal human intervention. Although existing studies emphasise vari-
ous selection criteria such as freight rate, carrier capabilities, scheduling,
and equipment quality, these investigations have a notable predilection
toward prioritising quality considerations over cost. Little attention was
paid to the heterogeneous criteria inherent in shipping service providers.
Furthermore, a distinct paucity of research efforts leverages ML models

for automating the selection process. Unautomated selection methods
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often suffer from subjectivity, inconsistency, and information overload,
exacerbated by the growing global trade landscape and intricate supply
chains with many providers. Therefore, this study aims to fill these gaps
using the SERVQUAL framework to develop criteria and employ ML
models to improve the selection of maritime service providers, providing
decision makers with a more nuanced understanding of the selection pro-
cess. This study develops a new MC-SE framework that extracts criteria
and adopts MCDM techniques (such as AHP).

Consequently, this research aims to develop an Al-driven, MCDM
framework to automate freight provider selection based on predefined
criteria extracted from benchmark datasets, addressing subjectivity and
information overload challenges. First, Al-based methodologies leverage
extensive datasets to distil insights and patterns, enhancing the preci-
sion and efficiency of decision making. Second, MCDM methods enable
organisations to systematically assess and compare providers, accounting
for performance across multiple criteria and considering their relative
importance and interdependencies. These improvements are expected to
improve supply chain performance and customer satisfaction, substan-
tively addressing identified knowledge gaps and fostering advances in
evaluating shipping service providers. Ultimately, this approach signifi-
cantly advances logistics and supply chain management decision-making.

This study considers published datasets about shipping service providers
and posted content on shipper’s websites. Although published data was
used to optimise and find the best provider based on machine learning
classification methods, the second content was used to group the provider
criteria in the SERVQUAL patterns. The MC-SE framework clusters
website content into decision criteria, establishes weights based on busi-

ness preferences and requirements, and aggregates the criteria scores to
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rank providers. Crucially, the framework offers adaptability to evolving
business priorities, allowing the customisation of criteria weights and
flexibility in their adjustments over time.

This formalisation directly underpins [RQ2] (criteria mapping) and
[RQ4] (SERVQUAL/SERVPERF perspectives) as defined in Research
Questions (Section 3.5).

Formalisation of Criteria.

This thesis adopts the SERVQUAL framework as the primary basis
for provider-side service quality, while incorporating cost as a com-
plementary (non-SERVQUAL) decision attribute. The consumer-side
perspective, captured through SERVPERF and related customer-
voice measures (e.g., CSAT, NPS, CES, sentiment), is acknowledged

as an extension beyond the present scope.

Let 2 = {Tangibles, Empathy, Reliability, Responsiveness, Assurance}
denote the provider-side service-quality dimensions (SERVQUAL,
in TERRA order). Let € = {Cost} denote the complementary cost
attribute, and let 7 denote consumer-side indicators grounded
in SERVPERF (e.g., CSAT, NPS, CES, sentiment features). The
criterion set used in this study is therefore .¥ = 2 U ¥, with weights

estimated using multi-criteria decision-making methods such as
AHP or TOPSIS.

For completeness, a future extension can be formalised as #* =2 U
% U7V, which unifies provider-side quality (SERVQUAL), cost (com-

plementary), and consumer-side outcomes (SERVPERF/customer

voice) without conflating constructs.

—

Rationale. Service quality (SERVQUAL) was chosen over service per-
formance (SERVPERF) because the available benchmark dataset and
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provider website features align more directly with provider-side service
quality dimensions. SERVPERF is nevertheless acknowledged as a valid
alternative for capturing experiential, consumer-side performance and
remains an important avenue for future work.

Addressing the current imbalance between quality and cost consider-
ations, the study aims to develop a systematic approach that minimises
human intervention while accommodating the diverse criteria of shipping
service providers. The research seeks to revolutionise decision-making
processes by creating a novel MC-SE framework, advancing academic

knowledge and practical applications.

3.5 Research Questions

In light of the problem definition, the main research questions (RQ) for

this thesis are as follows:

RQ1: How can an Al-based predictive classifier be developed to select
the optimal maritime shipping service provider using predefined criteria
from benchmark datasets, and how does it enhance decision making for

offshore shipping customers?

RQ2: How does the systematic mapping of criteria to the SERVQUAL

framework improve the selection decisions of maritime shipping providers?

RQ3: What methods and tools are required to create and implement
an effective multi-criteria search engine (MC-SE) framework that com-
bines Al-based models with multi-criteria decision-making techniques to

improve maritime shipping service provider selection?
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RQ3.1: How can innovative Al-based approaches intelligently
weight the selection criteria of the maritime shipping providers,
ensuring the continued relevance of the chosen criteria to optimise

the selection of the providers?

RQ3.2: How can multi-criteria decision-making techniques ef-
ficiently automate the ranking of maritime shipping service
providers based on Al-identified weighted criteria, specifically
within the context of marine shipping service selection in Aus-

tralia?

RQ4: How can a SERVQUAL survey assess service quality in the
shipping service provider industry and utilise it for decision making or
Al-based data-driven models?

RQ5: How to validate the effectiveness and reliability of the MC-SE
framework and the Al models developed for selecting maritime shipping
service providers, and which validation methodologies and criteria are

suitable for this purpose?

3.6 Aims and Objectives

This research study aims to understand the maritime shipping market,
enabling freight companies to have access to an intelligent MC-SE frame-
work. It also allows customers to conduct a trusted search to select ship-
ping service providers with more reasonable prices and reliable services.
In general, the five main objectives of this research study, depicted in Fig.

3.2, can be summarised as follows:
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OBJECTIVE

To develop an AL-based predictive classifier that utilises predefined criteria extracted from benchmark datasets to slect the
optimal maritime shipping service provider, facliating informed decisions for offshore shipping customers, [RQ1]

OBJECTIVE 2

To enhance the decision-making process in maritime shipping provider selection by systematically mapping crieria to the
SERVQUAL framework. [RQ:)

OBJECTIVE 3:

To develop a novel Al-based intelligent approach for weighting the shipping providers' selection criteria, [RQ3)]

OBJECTIVE 3t

s IHINHINEE

To create an innovative AL-based approach for intelligently
weighing the selection criteria of maritime shipping

providers, ensuring the continued relevance and OBIECTIVE 32

ptimisation of these criteria for decision-makers. [R(3.1]

To apply MC-SE to ystematically rank maritime
shipping service providers based on AL-{dentified
weighted criteria,[RQ3.

OBJECTIVE 4

To conduct a SERVQUAL survey within the shipping service provider industry to assess service quality and develop a
methodology to use survey findings to inform decision-making processes or support Al-based data-driven models. [R04]

OBJECTIVE 3:

10 i

To implement a real-world case study focusing on provider selection to validate the approach, specifically within the
Australian context, [RQ3]

Figure 3.2: Research Objectives
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Objective 1: To develop an Al-based predictive classifier that utilises
predefined criteria extracted from benchmark datasets to select the op-
timal maritime shipping service provider, facilitating informed decision

making for offshore shipping customers. [RQ1]

Objective 2: To enhance the decision-making process in maritime
shipping provider selection by systematically mapping criteria to the
SERVQUAL framework, while recognising cost efficiency as a complemen-
tary non-SERVQUAL attribute. [RQ2]

Objective 3: To develop a novel Al-based intelligent approach for
weighting the shipping providers’ selection criteria. [RQ3]
Objective 3.1: To create an innovative Al-based approach for
intelligently weighting the selection criteria of maritime shipping
providers, ensuring the continued relevance and optimisation of

these criteria for decision makers. [RQ3.1]

Objective 3.2: To apply MC-SE to systematically rank mar-
itime shipping service providers based on Al-identified weighted
criteria. [RQ3.2]

Objective 4: To conduct a SERVQUAL survey in the shipping service
provider industry to assess service quality and develop a methodology
to use survey findings to boost decision-making processes or support Al-
based data-driven models, while acknowledging SERVPERF as a potential

consumer-side perspective for future integration. [RQ4]

Objective 5: To implement a real-world case study focusing on provider

selection to validate the approach, specifically in the Australian context.

[RQ5]
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3.7 Conclusion

This chapter utilises the design science research (DSR) methodology to
revolutionise the selection process of maritime shipping service providers.
The multi-criteria search engine (MC-SE) framework is proposed to recog-
nise the industry’s challenges, particularly the lack of automated selec-
tion methods in multi-criteria decision making (MCDM). The research
journey was detailed in five stages: awareness of problems, suggestion,
development, evaluation, and conclusion. The use of DSR led to the cre-
ation of a new Al-based predictive classifier and a new MC-SE frame-
work that aligns criteria with SERVQUAL with new weighting method-
ologies. MCDM techniques and an Australian case study validated the
framework’s practicality. Therefore, this study contributes significantly
to maritime shipping service providers by introducing an innovative ap-
proach to provider selection. Integrating AI models with MCDM tech-
niques, grounded in the SERVQUAL framework, promises streamlined
decision making, improved supply chain efficiency, and enhanced customer
satisfaction, revolutionising the selection process and boosting overall per-
formance. The next chapter discusses the proposed solutions intricately

aligned with the comprehensive research questions.
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4.1 Introduction

Chapter 3 details the design science research (DSR) methodology to
conceptualise an innovative solution: the multi-criteria search engine
(MC-SE), an Al-driven multi-criteria selection framework. This chap-
ter provides an in-depth exploration of the proposed solution intricately
aligned with the overarching research questions. Figure 4.1 visually de-
picts the groundbreaking MC-SE. The primary objective of this framework
is to unravel the complexities of the maritime shipping market, equip-
ping freight companies with a sophisticated multi-criteria search engine
framework. Concurrently, it empowers shippers to conduct a reliable and
rational search for shipping providers, ensuring competitive pricing and
dependable services. Moreover, this chapter provides an overview of op-
timising the selection of maritime shipping providers developed using
supervised machine learning. The MC-SE operationalises provider-side
service quality via SERVQUAL (tangibles, empathy, reliability, responsive-
ness, and assurance (TERRA)). The framework integrates SERVQUAL
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dimensions with cost as an external, non-SERVQUAL attribute, leverag-
ing analytical hierarchical process (AHP) to handle heterogeneous criteria
without altering the SERVQUAL construct.

In this study, the evaluation design is anchored in classical decision sci-
ence: AHP supports structuring and weighting [28][29], while outranking
perspectives (elimination and choice expressing reality (ELECTRE)/preference
ranking organisation mETHOD for enrichment evaluations (PROMETHEE))
inform robustness and sensitivity reasoning [99][100]. These families re-
main widely applied to provider evaluation in logistics and maritime
contexts [24][82].
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Figure 4.1: Conceptual Components of the Proposed multi-criteria search engine (MC-SE)
Framework
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4.2 Overview of the Solution for Maritime Shipping

Provider Selection using Al (Voting Ensemble)

This study presents a data-driven methodology for selecting maritime
shipping providers, which integrates machine learning techniques with
the analytical hierarchy process (AHP), addressing the limitations inher-
ent in traditional expert-based multi-criteria decision-making (MCDM).
This innovative approach systematically extracts criteria from bench-
mark datasets and aligns them with the dimensions of service qual-
ity (SERVQUAL), covering Tangibles, Empathy, Reliability, Responsive-
ness, and Assurance (TERRA). The selection process for shipping service
providers is automated through machine learning classification models,
predicting optimal choices based on a comprehensive set of criteria: cat-
egory of trade, volume type, load and discharge ports, and item safety
conditions.

Figure 4.2 shows the steps involved in using machine learning tech-
niques and integrating them with the MCDM approach by aligning them
with the dimensions of SERVQUAL to extract the criteria for selecting
shipping service providers. The originality of this solution is in automating
the selection of providers without needing expert involvement based on
historical data and machine learning predictive models.

Classical estimators are implemented with scikit-learn [88], gradient-
boosted trees with eXtreme gradient boost (XGBoost) [89], and ensemble
behaviour is interpreted using established bias—variance arguments [90].
Where used, support vector machine (SVM) is motivated by effectiveness

in high-dimensional settings [91].

57



CHAPTER 4. SOLUTION OVERVIEW

Step 1: Criteria Extraction
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Figure 4.2: Maritime Shipping Provider Selection using Al (Voting Ensemble).
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4,2,.1 Data Foundation

The proposed solution relies on the robust Voyage Reports dataset from
the Australian Bureau of Statistics [44], documenting maritime activities
from 1 July 2012 to 6 March 2023. The Voyage Reports dataset used in
this analysis encompasses 15 critical features about maritime shippers,
including vessel details, trade categories, cargo descriptions, volumes, and
port details. Meticulous data preprocessing was undertaken to eliminate
irrelevant attributes, handle null values, and address outliers, resulting
in a streamlined dataset consisting of six columns (including target) and
22,850 observations.

Beyond describing the dataset, it is important to clarify how it is ap-
plied within the proposed framework. The structured Voyage Reports
dataset provides quantitative attributes (e.g., vessel type, cargo category,
port activity) that are preprocessed and subsequently mapped to ser-
vice quality dimensions. Although the dataset does not contain service
quality (SERVQUAL) indicators directly, its features are aligned with
SERVQUAL constructs during the evaluation phase (see Chapter 6), en-
abling the optimisation of provider selection. In parallel, unstructured
data collected from shipping service providers’ websites is utilised to
complement this process: website content is mined and clustered to ex-
tract decision criteria, and semantic similarity techniques are applied
to link these criteria to SERVQUAL dimensions. In this way, the frame-
work integrates structured data (Voyage Reports) for predictive modelling
with unstructured web content for criteria weighting, ensuring that both
quantitative and qualitative perspectives inform the overall provider eval-
uation and ranking.

In this thesis, two datasets underpin the framework at different phases.

The structured Voyage Reports dataset (see Chapter 6, Section 6.2) pro-
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vides benchmark provider information and is employed in the optimisation
and classification stages of the framework. In parallel, the unstructured
Ship-SERVQUAL dataset (see Chapter 5, Section 5.4.1) is collected from
providers’ websites and clustered to extract criteria weights mapped onto
SERVQUAL dimensions. By combining the predictive power of the Voy-
age Reports dataset with the criteria-extraction capability of the web
dataset, the framework ensures that both quantitative provider attributes
and qualitative service-quality signals are integrated into the evaluation

process.

4.2.2 Shipping Service Provider Criteria

Traditionally, the specific criteria for selecting shipping providers have
remained proprietary within shipping organisations, shielded from public
disclosure. Therefore, this solution leveraged the benchmark dataset to by-
pass the limited transparency constraints. Here is an example of features
and their weights that can be extracted from a benchmark dataset. The
mapping is a systematic mapping based on the meaning of each feature
from the dataset. The dataset could be limited in covering all aspects of
SERVQUAL.

* Cost (Weight = 0.47): treated as a complementary decision attribute
outside SERVQUAL; weighted alongside SERVQUAL dimensions
within the MCDM setup.

e Safety (Weight = 0.24): primarily maps to Assurance (competence,

regulatory compliance, and certifications).

¢ Capacity (Weight = 0.22): proxy for Reliability (ability to consis-

tently meet promised service levels).

60



CHAPTER 4. SOLUTION OVERVIEW

¢ Style (Weight = 0.05): proxy for Tangibles (aesthetics/appearance of

physical artefacts, branding, and documentation look).

These examples are dataset-driven proxies; they do not exhaust the
guideline indicators. The complete SERVQUAL guidelines are provided

in Chapter 5 (Table 5.2) and remain the anchor reference.

4.2.3 Practical Case Study Using AHP

Analytical hierarchy process (AHP) evaluates shipping providers based
on selected criteria (feature-importance of the classifiers in the previous
step). Therefore, the first step in any AHP process is the weighting of the
criteria. Next, the ranking of shipping service providers is generated sim-
ply by multiplying the criteria weights by the shipping service provider’s
respective criteria value and ordering the values. This approach follows

prior work on provider selection using AHP [26].

4.3 Overview of the Solution for Identifying Effective

Service Provider Selection Criteria Based on the
SERVQUAL Framework

This study adopts a systematic approach that integrates established litera-
ture review methods, clustering techniques, and semantic similarity anal-
ysis to identify effective criteria for selecting service providers based on
SERVQUAL (TERRA; cost treated as a complementary non-SERVQUAL
attribute). The methodology comprises three key components: (1) a critical
review of the literature discussed in Section 2.2 (Table 2.1), (2) cluster-

ing of criteria for shipping service providers, and (3) semantic similarity
analysis of SERVQUAL clusters. The SERVQUAL framework is widely
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recognised as a robust and comprehensive tool for evaluating shipping
service providers [9][32][45][46].

The criteria were extracted from the literature. The analysis follows
the Tranfield et al. method [71], which involves three stages: planning,
conducting, and reporting. The research question and relevant literature
are identified using Google Scholar in the planning stage, which covers the
period from 2018 to 2023. The conducting stage involves a systematic data
collection, ensuring accuracy and completeness. In contrast, the reporting
and dissemination stage synthesises the findings of the critical criteria
for effective communication with suppliers and researchers.

In addition to the literature review methods, alternative approaches
such as expert consultation, focus groups, and case studies can provide
valuable insights into effective service provider selection criteria. Expert
consultation offers industry-specific knowledge, while focus groups facili-
tate stakeholder discussions to uncover nuanced criteria. However, the
literature review was chosen for its systematic approach, ensuring com-
prehensive coverage and credibility of research findings. The originality
of following the Tranfield et al. method allows for a rigorous process of
identifying, extracting, and synthesising criteria from existing literature,

enhancing the reliability of the research outcomes.

4.4 Overview of the Solution for an Intelligent
Al-based Approach for Weighting Shipping
Providers’ Selection Criteria

This section introduces the two complementary approaches adopted to

weight shipping service provider selection criteria. The first approach

utilises feature-importance techniques on the structured Voyage Reports
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dataset, employing machine-learning models to map quantitative at-
tributes to SERVQUAL dimensions. The second approach utilises clus-
tering and semantic similarity on the unstructured Ship-SERVQUAL
dataset, constructed from shipping providers’ websites, to extract and
group qualitative criteria aligned with SERVQUAL. Together, these ap-
proaches ensure that both structured numerical data and unstructured
textual content contribute to a balanced and data-driven weighting of
provider selection criteria. Figure 8.1 provides an overview of the method-
ologies applied to quantify the criteria weights within the SERVQUAL
framework.

The clustering analysis identifies different groups within the data us-
ing term frequency-inverse document frequency (TFIDF) representations
and clustering algorithms (hierarchical, k-means, affinity, and Gaussian
mixture model (GMM)). Evaluation metrics such as the Silhouette Score,
Davies-Bouldin index, and the Calinski-Harabasz index measure cluster-
ing performance. These metrics are utilised across varying cluster counts
to identify the configuration that maximises cohesion, minimises similar-
ity, and maximises dispersion ratios, ensuring the selection of both the
optimal cluster count and the highest clustering quality. The SERVQUAL
dimensions are compared with the clusters using the Universal Sentence
Encoder (USE), which embeds sentences into high-dimensional vectors to
capture semantic relatedness [101], enabling the computational compre-
hension of meanings and relationships. The USE transforms sentences
into high-dimensional vectors, enabling the computational comprehension
of meanings and relationships. The resulting similarity matrix indicates
associations between clusters and SERVQUAL dimensions, helping eval-
uate alignment. The matrix is normalised to scores in the range [0, 1],

representing criteria weights.
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4.5 Overview of the Solution for Conducting
SERVQUAL Surveys to Evaluate Shipping Service

Providers

This study encompasses an in-depth exploration of conducting surveys in
the shipping service provider industry to assess service quality. Although
several custom surveys have been used to extract criteria [24][51][52][61],
the SERVQUAL survey stands out due to its prominence and comprehen-
sive coverage of service quality dimensions [52][61]. The actual survey is

detailed in Appendix A.

4.5.1 Survey Design

There are several steps in building the SERVQUAL survey. First, clear

survey objectives are established. These objectives include:

¢ assessing the relative importance of each SERVQUAL dimension in

the shipping service provider selection process.

* measuring respondents’ satisfaction levels regarding each SERVQUAL

dimension.

¢ identifying discrepancies between respondents’ expectations and per-
ceptions of service quality across the various SERVQUAL dimen-

sions.

The survey instrument presents items grouped by the TERRA sequence
(Tangibles, Empathy, Reliability, Responsiveness, and Assurance); cost
is collected as a separate decision attribute and not as a SERVQUAL
dimension.

Next, the survey is structured to capture additional vital information

from respondents, including demographic details such as age, gender, oc-
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cupation, years of experience, and geographical location. Respondents are
asked to rate the importance and level of satisfaction for each SERVQUAL
dimension using a 5-point Likert scale [102], ranging from "strongly dis-
agree" to "strongly agree" or "very dissatisfied" to "very satisfied." This
structured approach allows participants to express their agreement or
satisfaction with specific statements associated with each SERVQUAL

dimension.

4.5.2 Sampling and Deployment

The survey deployment strategy was particularly planned, explicitly focus-
ing on selecting participants representing the target demographic, partic-
ularly individuals from Australia. Participant selection criteria included
demographic information (age, sex, occupation), previous experience with
shipping service providers, and geographic location.

To ensure the highest data quality, a group of selected participants with
expertise in the field underwent short training sessions to administer the
SERVQUAL questionnaire proficiently. This training included a recorded
instructional video detailing the form-filling process, conveniently dis-
tributed online to the experts. This rigorous approach to participant se-
lection and training strengthens the validity and credibility of the survey
results, providing valuable insight into the respondents’ perceptions and

expectations regarding service quality within the shipping industry.

4.5.3 Survey Pretest

A crucial quality assurance step in our methodology is the pretesting
phase of the survey. This pilot test selected a panel of five experts from the
Australian shipping service provider industry based on their knowledge

and experience. These experts completed the survey and provided de-
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tailed feedback based on their expertise. Their feedback was instrumental
in evaluating the survey’s ability to capture shipping service providers’
specific needs and expectations. Although some SERVQUAL questions
were predefined, we incorporated modifications into other questions based
on the experts’ insights. This pretest phase ensures the survey’s com-
prehensibility, relevance, and effectiveness in measuring service quality

aspects.

4.5.4 Survey Data Collection

For the primary data collection phase, a panel of 27 experts who met spe-
cific selection criteria regarding knowledge, experience, and location was
recruited. This panel included professionals from various backgrounds,
including industry professionals, researchers, and academics, ensuring a
comprehensive and well-rounded perspective.

Each participant was assigned a unique ID to maintain anonymity, and
the survey instrument, refined based on the pretest feedback, was admin-
istered to the experts through online platforms and personal interviews.
Clear instructions ensured that participants understood the purpose of

the survey and responded effectively.

4.5.5 Analysis and Interpretation

The collected data served as the basis for the subsequent analysis and
interpretation of the survey results. We employed various analysis tech-
niques, including perception scores, expectation scores, gap scores, mean
dimension scores, and dimension reliability values for each dimension.
These findings bridge the gap between customer expectations and percep-
tions, providing valuable information to inform strategic decisions and

operational improvements within the shipping service provider industry.
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4.6 Overview of the Solution for the Intelligent
Multi-criteria Search Engine (MC-SE)

The proposed solution aims to develop an intelligent multi-criteria search
engine (MC-SE) framework by integrating an Al-based model of criteria
weighting, Solution 4.4, with MCDM using AHP, Solution 4.2.3. This
framework addresses the challenges decision makers face in selecting
maritime shipping service providers by providing a comprehensive and
efficient decision support system. This framework, designed to enhance
decision-making processes, automates the selection of shipping service
providers, offering decision-makers a thorough and objective evaluation.

The MC-SE framework represents a transformative solution for mar-
itime shipping provider selection, seamlessly integrating an Al-based
model (a voting ensemble, clustering, and semantic similarity) with MCDM
methodologies. Leveraging the approach from Section 4.4, the framework
incorporates criteria weighting obtained through extensive analysis. Util-
ising AHP, maritime providers are ranked to facilitate comprehensive
evaluation. Case studies further validate the framework’s efficacy, pro-
viding practical insights for optimisation. This integration revolutionises
provider selection, empowering decision makers with a robust toolset to
enhance supply chain performance and customer satisfaction. The frame-
work’s effectiveness will be rigorously validated through the real-world
testing of machine learning models (Section 4.2) and a comparative analy-
sis with survey data (Section 4.5), ensuring its superiority and offering

valuable insights for further refinement and improvement.
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4.7 Conclusion

This chapter presents a comprehensive overview of the proposed solu-
tions to address the research questions on maritime shipping service
provider selection. The solutions encompass a voting ensemble to optimise
provider selection and ensure a more efficient decision-making process.
Additionally, a solution based on the service quality (SERVQUAL) frame-
work is introduced to identify effective criteria, enhancing the accuracy
of the selection process. In addition, an intelligent Al-based approach for
weighting shipping providers’ selection criteria is outlined, promoting a
balanced and objective decision-making process. The chapter also provides
insights into conducting SERVQUAL surveys to evaluate shipping service
providers, offering a comprehensive overview for assessing performance
and service quality. The proposed multi-criteria search engine (MC-SE)
framework, which integrates an Al-based model with the multi-criteria
decision-making (MCDM) approach and incorporates the SERVQUAL

framework, stands out as a powerful tool for decision-makers.

The findings contribute significantly to maritime logistics and supply
chain management, offering valuable insights and practical solutions to
enhance the shipping provider selection process. However, it is essential
to acknowledge the limitations inherent in the current methodologies,
including reliance on existing datasets and potential variations in model
effectiveness across different industries. Addressing these limitations
through further validation, refinement, and exploration of alternative
data sources is essential to enhance the robustness and applicability of the
proposed solutions in real-world settings. The following chapter examines
the intelligent Al-based approaches used in this study for weighting

the shipping service providers’ selection criteria. Across this chapter,

68



CHAPTER 4. SOLUTION OVERVIEW

SERVQUAL is applied in the TERRA order, with dataset-derived features
used as proxies where applicable; cost remains a complementary, non-
SERVQUAL attribute integrated via MCDM.
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CHAPTER

INTELLIGENT AI-BASED APPROACH FOR WEIGHTING
SHIPPING PROVIDERS’ SELECTION CRITERIA

5.1 Introduction

This chapter identifies the criteria used by shipping service providers
and details the two proposed approaches for the weighting of criteria,
as discussed in Section 4.4. The two criteria weighting approaches are
extracting criteria from the benchmark dataset and extracting web content

from shipping service providers’ websites.

Scope. All numeric weights reported in this chapter come from Section 5.3
(benchmark-derived) and Section 5.4 (web-derived). Throughout, service
quality (SERVQUAL) is applied in the TERRA order (Tangibles, Empathy,
Reliability, Responsiveness, and Assurance). Consistent with the study
scope, cost is treated as a complementary decision attribute outside the
SERVQUAL construct and is handled alongside SERVQUAL in down-

stream decision models.
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5.2 Criteria Extracted from the Literature

Section 4.3 provides details on the service provider selection criteria
grounded in the SERVQUAL framework following the Tranfield et al.
method [71]. The extraction goes through several phases: planning, con-
ducting, and reporting. In the planning stage, the SERVQUAL literature
review research questions are formulated, and the relevant literature is
reviewed based on published articles and indexed in Google Scholar from
2018 to 2023. The conducting step involves systematic data collection and
verification, while the reporting stage synthesises findings and discusses
implications for supply chain stakeholders. The extracted criteria are
listed in and discussed in Table 5.1. However, these criteria could be used
for manual decision-making tools and require frequent updates. Further-
more, it is essential to know that there might be a deviation between the

criteria used in practice and those reported in the literature [26].

Table 5.1: SERVQUAL dimensions with explanations (Per-study mappings are detailed
in Table 2.3, Chapter 2).

SERVQUAL Explanation
Dimension
Tangibles Physical/visible aspects of service delivery (facilities, equipment, documentation

appearance) that shape perceptions of professionalism and quality.

Empathy Individualised care and flexibility in accommodating consignee needs (e.g., schedule

changes), fostering trust and longer-term relationships.

Reliability Dependable and accurate performance (on-time schedules, correct documentation,

consistent tracking) that reduces logistics risk.

Responsiveness Regular and prompt updates to consignors about delivery and proactive issue handling to

support planning.

Assurance The provider’s competence, compliance, and credentials (records, certifications, quality of

customer service) that inspire confidence.

Per-study factor mappings are consolidated in Table 2.3 (Chapter 2).
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Furthermore, the results of the collected shipping provider criteria
presented in Table 5.1 align with previous research [24], which identifies
service quality in marine transport as a construct with six dimensions:
resources, outcomes, processes, management, image, and social responsi-
bility.

This research uses artificial intelligence (AI) methods to automate the
weighting of the selection criteria. These methods entail two key strategies:
first, using an Australian Bureau of Statistics benchmark dataset [44]
to effectively address the issue of proprietary selection criteria, which
are often not reported, where the idea is to map the dataset’s features
to the SERVQUAL dimensions; and second, the clustering of maritime
shipping service providers’ criteria by extracting essential features from
300 textual documents acquired from their respective websites. The two
approaches are depicted in Fig. 5.1 and are discussed in the following.

Figure 8.1 also outlines the methods used to quantify criteria weights
within the SERVQUAL framework.
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Figure 5.1: Approaches for Criteria Weighting

73



CHAPTER 5. INTELLIGENT AI-BASED APPROACH FOR WEIGHTING SHIPPING
PROVIDERS’ SELECTION CRITERIA

5.3 Benchmark-derived Criteria Weighting

This study extracts criteria weights based on a benchmark dataset sourced
from the Australian Bureau of Statistics [44] to address the challenge
of proprietary selection criteria that are often not disclosed. To the best
of our knowledge, no publicly available datasets could be used for actual
selection criteria for shipping providers, possibly due to proprietary rea-
sons. (Weights reported in Section 5.3 are based solely on the benchmark
dataset).

The basic idea is to use machine learning models to train models over
the dataset and to find the importance of the features over the features
of the datasets. Feature importance is a powerful concept in machine
learning that allows us to understand the significance of different aspects
of our data. The features (or columns) in this dataset are systematically
mapped to SERVQUAL dimensions, and their relevance is determined
by calculating the importance of the features. Therefore, this innovative
approach allows for a data-driven assessment of the criteria’s importance,

irrespective of the specific selection criteria.

5.3.1 Criteria Weighting from Voyage Dataset

The importance of the features is available in scikit-learn [88] in most
machine learning models and is, by default, normalised. The importance
of the feature determines which aspects of service quality have the most
significant impact on overall customer satisfaction; therefore, it is used
for criteria weighting. However, the features are limited and do not follow
a standard rule in comparison; therefore, these features are mapped
(manually) to the five dimensions of the SERVQUAL model following
the guidelines presented in Table 5.2. Thus, this mapping provides a

way to derive criteria for evaluating shipping service providers based on
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their performance in each SERVQUAL dimension. Consequently, decision
makers can prioritise improvements in areas that will have the most
substantial impact on service quality.

Table 5.2: Guidelines for mapping shipping provider selection criteria to the SERVQUAL
model (TERRA order)

SERVQUAL Meaning Examples

Dimension

Tangibles Capability to offer physical Owned vessels
facilities, equipment, and an Modernised and specialised facilities
aesthetically pleasing look Documentation appearance

Empathy Individualised care and concern Customised services
for consignees Ability to cope with schedule changes or new

challenges

Reliability Ability to perform the promised Reliable staff
service dependably and Time of service (schedule adherence)
accurately Usage of ICT

Brand names

Responsiveness  Prompt service and willingness to  Timely service providers
help Proactive status notifications

Assurance Inspire confidence and trust Experience in the domain
Experienced staff
Certifications and licences

Cost is treated as a complementary decision attribute. It is not part of the SERVQUAL construct but is
weighted alongside SERVQUAL dimensions for decision-making purposes, consistent with the formal
scope in Chapter 3.

5.4 Web-content-derived Criteria Weighting

This section (Section 5.4) reports the web-derived weights, while the
benchmark-derived weights are reported separately in Section 5.3.

The operationalisation of provider-side criteria through SERVQUAL
dimensions is consistent with sectoral studies that have applied the in-
strument to retail [38] and maritime transport services [24]. Interpreting
SERVQUAL gap scores alongside weighting mechanisms thus situates
the present work within a recognised body of logistics and service qual-
ity research. Moreover, as emphasised in the SERVPERF debate [37],
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balancing provider-side expectations with user-side performance data
remains essential to avoid bias, an issue that informs the complementary

weighting strategies developed here.

5.4.1 Web Content Data Collection

This study collects a dataset for shipping service providers called Ship-
SERVQUAL. The dataset consists of 300 textual documents that provide
a comprehensive overview of various aspects of these providers. The
dataset collection follows a four-step process: (1) defining selection criteria
and generating a list of potential providers based on the richness of
content on their websites; (2) conducting interviews with crowdsource
to ensure compliance with requirements; (3) seeking clarification and
validation through ongoing communication with interviewees; and (4)
collaboratively verifying, enhancing, and validating the dataset to ensure
data accuracy and relevance. The collected data covers various dimensions:
service offerings, network coverage, fleet details, operational capabilities,
service quality indicators and pricing, and contractual terms.

In particular, the collection process focused on publicly available in-
formation provided on the main pages of shipping service providers’ web-
sites, especially descriptive sections such as "Services," "About Us," and
"Company Profile." Text extracted from these sources commonly high-
lighted physical assets (e.g., facilities, fleet, and equipment), assurances
of reliability and responsiveness (e.g., commitment to timely delivery,
safety standards, and customer support), and relational qualities (e.g.,
empathy and trust-building through company values). These elements
naturally align with the SERVQUAL (TERRA) dimensions, ensuring that
the dataset reflects provider-side quality attributes as they are portrayed

to prospective clients.

76



CHAPTER 5. INTELLIGENT AI-BASED APPROACH FOR WEIGHTING SHIPPING
PROVIDERS’ SELECTION CRITERIA

Therefore, the dataset is used to evaluate shipping service providers
in alignment with the SERVQUAL framework, facilitating a thorough
assessment of service quality in the maritime industry. The algorithm
for criteria weighting based on clustering is depicted in Algorithm 1
with a various number of clusters (3 to 40) to find the optimal number of
clusters. A semantic similarity analysis was also conducted to measure the
semantic similarity with SERVQUAL dimensions compared to individual
cluster keywords. The resulting similarity matrix was converted into z-
scores and binary values for a standardised comparison. Consequently,

the criteria weights were measured automatically based on web content.

Algorithm 1: Automated Shipping Service Providers’ Criteria Weighting

Data: Data from shipping service providers’ websites
Result: Shipping Service Providers’ Criteria Weighting (SERVQUAL Weights)
1 Ship-SERVQUAL — Collect_Data (Shippers Websites) // Collect 300 documents from
shippers’ websites.
2 Cleaned Data — Clean-Data // remove special characters, stop words, shippers’
names, etc.
3 for num cluster — 3 to 40 do
Clusters — Apply_clustering (TextVectors, Clustering_methods, clusters_params);
5 Clusters Metrics — Evaluate (Silhouette Score, Davies-Bouldin Index, Calinski-Harabasz
Index);

6 Best Clustering_ Params — Maximise: Silhouette Score (Clusters Metrics), Minimise:
Davies-Bouldin Index (Clusters_ Metrics), Maximise: Calinski-Harabasz Index (Clusters Metrics);
7 Clusters _Keywords — Extract_keywords (Best _Clustering_ Params);
8 Similarity Mx — Semantic_Sim (SERVQUAL definitions, Clusters Keywords);
9 z-scores_matrix — Convert2Z (Similarity Mx);
10 Binary Matrix — Convert2Bin (z-scores__matrix, one-standard Deviation);
11 SERVQUAL Weights — Average (Binary Matrix);
12 return SERVQUAL Weights;

While the present Ship-SERVQUAL dataset is constructed exclusively
from provider-facing web content, future extensions should incorporate
the consumer voice (e.g., ratings, reviews, direct feedback). Such integra-
tion would enable a dual-perspective approach by aligning provider-side

service quality (SERVQUAL) with consumer-side service performance
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(SERVPERF), and thereby balancing offered and experienced service
quality within the weighting process.

5.4.2 Clustering Criteria

Before the clustering phase, data preprocessing was meticulously un-
dertaken. This involves extracting essential features from the providers’
websites, encompassing critical elements such as service descriptions,
fleet particulars, pricing details, and customer testimonials. Subsequently,
four clustering algorithms—hierarchical, k-means, affinity, and gaussian
mixture model (GMM) —are applied to this Ship-SERVQUAL dataset, as
detailed in Table 5.3. Algorithm 1 shows that data were cleaned (lines
1-2), and then dataset clustering was undertaken, with several algorithms
recording each algorithm’s performance (lines 3 to 6). The clustering was
run for a long range, from cluster 3 to 40, to find the optimal number of

clusters.

Table 5.3: Adopted clustering methods (scikit-learn implementation [88])

Method Description

Hierarchical Organises data into a hierarchy of nested clusters.

K-means Partitions data into a predetermined number of clusters.

Affinity Identifies clusters based on similarity measures.

GMM Represents data points as a combination of Gaussian distributions.

5.4.3 Clustering Metrics

Algorithm 1 selects the best clustering parameters (line 6). The quality and
efficacy of the clustering outcomes are assessed using a set of performance
metrics: Silhouette Score, the Davies-Bouldin index, and the Calinski-
Harabasz index. These metrics guide the systematic exploration of various

cluster configurations, ranging from 3 to 40 clusters. Each configuration

78



CHAPTER 5. INTELLIGENT AI-BASED APPROACH FOR WEIGHTING SHIPPING
PROVIDERS’ SELECTION CRITERIA

aims to elucidate the most suitable algorithm and optimal cluster count
(Table 5.4 and Table 5.5). Only the best algorithm with the optimal number

of clusters was reported using a set of keywords for each cluster (line 7).

Table 5.4: Clustering evaluation metrics

Evaluation Met- Description
ric

Silhouette Score The score measures the clustering quality by evaluating the cohesion and separa-

(Higher, better) tion of cluster data points. This metric considers both intra-cluster similarity and
inter-cluster dissimilarity. It helps identify clusters with internally coherent and
well-separated data points.

Davies-Bouldin In- The index assesses clustering quality by measuring the similarity between clus-

dex (Lower, better) ters considering the cluster size. This metric captures the trade-off between
inter-cluster dissimilarity and intra-cluster similarity. It penalises clusters with
high similarity to other clusters or overlapping data points, resulting in well-
separated and distinct clusters.

Calinski-Harabasz The index evaluates cluster compactness and separation based on between-cluster

Index (Higher, and within-cluster dispersion. This metric quantifies the compactness and sepa-

better) ration of clusters. Maximising this index leads to clusters with high intra-cluster
similarity and low inter-cluster similarity, resulting in distinct and well-defined
groups.
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Table 5.5: Clustering evaluation metrics for quality assessment

Evaluation
Metric

Description and Formula

Silhouette
Score

The Silhouette Score assesses the quality of clustering by considering the cohesion
of data points within clusters (a;) and the separation between clusters (6;). It is
calculated as:
Silhouette Score = — % et
ilhouette Score = N 2 | maxt@r, by
Higher is better. This metric helps identify clusters with internally coherent (high a;)
and well-separated (high b;) data points, leading to meaningful and distinct clusters.

Davies-Bouldin
Index

The Davies-Bouldin Index evaluates clustering quality by measuring the similarity
between clusters while considering their size (S;). It is calculated as:

1 X S;+8;
Davies-Bouldin Index = — ) max
KL; J# (d(Ci,Cj))

Lower is better. This index helps identify clusters with a balanced trade-off between
inter-cluster dissimilarity and intra-cluster similarity, discouraging clusters with
high similarity to other clusters or overlapping data points.

Calinski-
Harabasz
Index

The Calinski-Harabasz Index assesses cluster compactness and separation based on
between-cluster variance (B) and within-cluster variance (W). It is calculated as:

B N-K
Calinski-Harabasz Index = — - ——
W K-1
Higher is better. This metric quantifies the compactness (low W) and separation
(high B) of clusters, to maximise the index to achieve clusters characterised by high
intra-cluster similarity and low inter-cluster similarity.

5.4.4 Transformation of Cosine Similarity Matrix

Given a set of keywords for each cluster and the SERVQUAL guidelines,

the subsequent phases involve the quantitative transformation of the map

between SERVQUAL and the clusters. The google universal sentence en-

coder (USE) was used to find the semantic similarity between the clusters’
keywords and the SERVQUAL dimension. The USE is a sophisticated

instrument that transforms sentences into high-dimensional vectors in a

vector space of sentence meanings. The transformation approach involves
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two stages. Initially, it entails the conversion of similarity scores into
z-scores, a standardisation procedure that effectively streamlines com-
parative analyses. Subsequently, these z-scores are mapped into binary
values, a discerning transformation based on their relative proximity to
the standard deviation. This binary conversion is crucial in distinguishing
relevant clusters from those falling short of meeting the one standard
deviation criterion. Therefore, these transformation procedures elevate
the clarity and efficacy of the subsequent evaluation process to criteria

weighting.

5.4.5 Semantic Alignment of SERVQUAL and Service Providers’

Clusters

The SERVQUAL dimensions are semantically mapped to clusters gen-
erated using machine learning clustering methods. Using cosine simi-
larity, the USE assesses the similarity between cluster keywords and
SERVQUAL definitions. Data are saved in a tabular format, where each
row represents a cluster (set of keywords), and each column is a SERVQUAL
dimension. The resulting table contains cosine similarity values indicating
the strength of the association between a cluster and a specific dimension.
Higher values signify a more robust connection, while lower values indi-
cate a weaker one. Multiple high values across dimensions demonstrate a
cluster’s impact. This table is referred to as a similarity matrix.

To illustrate the semantic alignment more concretely, representative
keywords from the generated clusters are highlighted. For example, clus-
ter c1 contains terms such as courier, reliable, consistently, and commit-
ment, which strongly reflect the Reliability dimension. Cluster c4 includes
a process that is streamlined, personal, focused, and convenient, aligning

with Responsiveness and Empathy. Cluster c6 features experience, track
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record, and personalised, which are indicative of Assurance and Empathy.
In cluster cl11, the appearance of quality, schedules, and suppliers sup-
ports a mapping to Reliability. Likewise, cluster ¢13 contains standards,
cost-efficient partner, trusted, and guarantee, which are closely related to
Assurance and Tangibles.

These illustrative examples demonstrate how the clustering process
produces semantically meaningful groupings that correspond to SERVQUAL

dimensions and help substantiate the similarity scores presented in Ta-
ble 7.13.

5.4.6 Transforming the Similarity Matrix

A two-step transformation on the cosine similarity matrix is carried out.
First, the scores are converted into z-scores, standardising them relative
to the dataset’s mean and standard deviation. The second transformation
mapped z-scores to binary values of 0 or 1 based on their deviation from
the standard deviation. Z-scores within one standard deviation were
labelled relevant (1), while those beyond were non-relevant (0). This
transformation facilitates a clear differentiation between relevant and
non-relevant clusters for each SERVQUAL dimension, enhancing the

clarity of the evaluation.

5.4.7 Aggregation and Weight Calculation

Weights for each SERVQUAL dimension are calculated by aggregating
binary values from the binary similarity matrix. This aggregation in-
volves adding the 1s to each column, indicating clusters that met the
one-standard-deviation criterion. The sum is divided by the number of
1s, resulting in average values representing dimension weights. These

weights quantitatively measure each SERVQUAL dimension’s relevance
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and significance. Decision-making tools like the technique for order of
preference by similarity to ideal solution (TOPSIS) or the analytical hier-
archy process (AHP) can utilise these weights to assess and rank shipping

service providers.

Reproducibility Notes

All models were implemented in scikit-learn [88]. Cluster counts were
searched over K €[3,40], with the optimal K selected by maximising the
Silhouette and Calinski-Harabasz scores and minimising the Davies—Bouldin
index. Sentence embeddings for semantic similarity were generated using
the USE; cosine similarities were standardised to z-scores and thresh-
olded at one standard deviation to produce the binary matrix used for

aggregation.

5.5 Conclusion

This section validates and stress-tests the weights obtained from Section
5.3 (benchmark) and Section 5.4 (web) across clustering choices, K € [3,40],
and similarity thresholds. This study proposes a comprehensive frame-
work for weighting the selection criteria of shipping service providers
using the SERVQUAL model. The framework seamlessly integrates sur-
vey data collection with an automated artificial intelligence approach
based on clustering and semantic similarity. By extracting diverse tex-
tual information from shipping service providers’ websites, encompassing
dimensions related to service quality, this study lays the groundwork
for subsequent textual clustering techniques. These techniques employ
various methods to identify distinct clusters of shipping service providers,

including hierarchical, k-means, affinity, and the GMM.
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Subsequently, a semantic similarity analysis quantifies the alignment
between clusters’ keywords and SERVQUAL dimensions, resulting in a
similarity matrix. This matrix transforms standardised z-scores, followed
by conversion into binary values. These aggregated binary values are the
basis for calculating the weights for each SERVQUAL dimension, pro-
viding decision makers with quantitative insights into their importance.
The framework presented herein equips decision makers in the shipping
industry with a potent tool for evaluating and comparing shipping service
providers based on service quality dimensions.

The SERVQUAL weights from Section 5.3 and Section 5.4 (with cost
handled separately) feed the optimisation workflow in Chapter 6 and the
AHP/TOPSIS models in Chapter 7.
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CHAPTER

OPTIMISING MARITIME SHIPPING PROVIDER
SELECTION USING Al (VOTING ENSEMBLE)

6.1 Introduction

This chapter provides a discussion of machine learning to classify and
choose the best classifier based on provider information posted on a
dataset. Several machine learning models are adopted to predict and
compare the best shipping providers with our proposed new ensemble
classifier. These machine learning models include random forest (RF),
extreme gradient boost (XGBoost), support vector machine (SVM), and
k-nearest neighbours (KNN). Machine learning models are also used to
weight the selection criteria through feature importance’, as discussed in
Section 5.3. The detection and classification of machine learning models
for the most suitable shipping provider is based on the benchmark dataset
for the selection criteria of the maritime shipping provider. This chapter
focuses on the optimisation of shipping service providers. Accordingly, it
does not address other aspects, such as the extracted criteria and their
service quality (SERVQUAL) alignment (consolidated in Chapter 2, Ta-
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ble 2.3), or the multi-criteria decision-making (MCDM) process using the
analytical hierarchical process (AHP) discussed in Khan et al. [26], in
order to maintain a clear and logical flow.

This chapter optimises provider selection using indicators aligned
with SERVQUAL dimensions. Cost efficiency, while decision-relevant,
is treated as a complementary attribute outside SERVQUAL and is
incorporated separately in the broader decision model. This preserves
SERVQUAL’s theoretical integrity while enabling practical trade-offs be-

tween service quality and financial factors.

6.2 Dataset Overview and Preprocessing

To the best of our knowledge, no current dataset contains the precise
criteria for selecting shipping providers, as this process is carried out
primarily within the carrier’s confidential procedures, which are not made
public. Therefore, this research study uses a benchmark dataset from the
Australian Bureau of Statistics [44].

Dataset Overview

The dataset employed in this study comprises a weekly record of maritime
shippers in Australia, encompassing 15 features of shipping providers.
The dataset details are shown in Table 6.1. Due to dataset size, several
investigations reveal that the dataset does not provide enough examples
of various organisation types; therefore, the study focused on containers

as a "Category of Trade" for proof of concept.
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Table 6.1: Voyage Reports dataset - Part 1 [44].

No. Feature Description

1 Vessel Name Name of the Vessel

2 Vessel Type Type of Vessel (based on carrying goods)

3 Vessel Capacity (Gross Maximum size or capacity of a vessel carrying goods
Tonnes)

4 Load Date Date the vessel was loaded with goods

5 Category of Trade Category of traded goods

6 Cargo Description Brief cargo description

7 Volume/Amount Size or volume of goods in the cargo

8 Volume Type Unit for measuring cargo volume

9 Load Port Port where the cargo was loaded

10 Discharge Port Destination port of cargo

11 Dangerous Goods Flag indicating the presence of dangerous goods

12 Organisation Name of the organisation providing/trading cargo

13 Application Number Identity Number provided by the organisation.

14 Licence Number License number of the organisation

15 Voyage Number Identity number of the cargo/vessel

Total Instances

22,850

Preprocessing

First, null and empty rows are eliminated. Furthermore, several fea-

tures are removed because they do not have enough data and do not

contribute to the target class label (Table 6.2). The dataset initially ex-

hibits an imbalance in the organisation column (target class) and missing

data, leading to further filtering. Organisations with fewer than 500 in-

stances are excluded from the dataset to enhance its quality and relevance.

Consequently, the dataset underwent an examination for extreme val-

ues (outliers), with none being identified owing to its newly organised

structure.
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Table 6.2: Voyage Reports dataset [44] - Part 2.

No Type Count Inclusion Frequent Value

1 Categorical 3,456 Remove ICS Silver Lining

2 Categorical 179 Remove CONTAINER

3 Numeric 783 Remove 65000

4 Date 3,632 Remove 43090

5 Categorical 8 Keep Containers, Dry Bulk

6 Text 48 Remove N/A

7 Numeric 8,492 Keep 2

8 Categorical 5 Keep MT

9 Categorical 73 Keep Melbourne

10 Categorical 63 Keep Fremantle

11 Boolean 2 Keep No

12 Categorical All Keep CMA CGM &
(Target) ANL Australia Agencies

13 Numeric 475 Remove 17065802

14 Numeric 472 Remove 0010TL575

15 Numeric 22,831 Remove 00771

Total Instances 22,850

The leading shipping providers (organisations) are shown in Table 6.3.
Some are specialised in specific domains, such as containers (Table 6.4).
After this initial cleaning, 22,850 observations with six columns were
obtained, detailing the trade category, volume/amount, volume type, load
port, discharge port, dangerous goods, and organisation (target provider).

These columns represent key dimensions for selecting shipping ser-
vice providers, aligned with the SERVQUAL framework following the
guidelines presented in Chapter 5 (Table 5.2):

¢ Tangibles (Volume Type): defines the unit used to measure cargo
volume and anchors the visible, physical specification of the ship-
ment. As a tangible proxy, it supports transparent documentation

and handling consistency.

e Empathy (Dangerous Goods): flags hazardous materials, sig-
nalling provider attentiveness to consignee risk concerns and bespoke

handling needs. Empathy is paramount here: identifying dangerous
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goods ensures providers adapt processes to safeguard customers and

communities.

* Reliability (Category of Trade): specifies the traded goods class;
correct categorisation underpins dependable carrier assignment and

reduces service variance for cargo types.

¢ Responsiveness (Discharge Port): identifies the destination port;
operational agility to accommodate discharge-port variation reflects

promptness and willingness to help.

* Assurance (Load Port): states the loading port; clear, auditable
origin logistics strengthen confidence in compliance, routing pre-

dictability, and secure handling.

Table 6.3: Frequent providers based on instances (>500).

Organisation Count
CMA CGM & ANL Australia Agencies 2782
CSL Australia Pty Ltd 2457
Incitec Pivot Limited 1639
Maersk Line A/S 1367
Wallenius Wilhelmsen Logistics 1344
BP Australia Pty Ltd 1066
Inco Ships Pty Ltd 945
Viva Energy Australia Ltd 933
K Line Australia Pty Ltd 776
Seaway Agencies 681
Origin Energy Contracting Limited 672
Monson Agencies Australia Pty Ltd 594
Rio Tinto Marine 577
APL Co Pte Ltd 552
NYK Australia Pty Ltd 519
Ampol Singapore Trading Pte Ltd 511

Total instances included in this study 17,415
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Table 6.4: Top five container categories.

Organisation Count
CMA CGM & ANL Australia Agencies 2771
Maersk Line A/S 1362
APL Co Pte Ltd 519
OOCL Australia Pty Ltd 240
Inco Ships Pty Ltd 163

Total instances included in this study 5,055

6.2.1 Classifiers of Shipping Providers

According to the Voyage Reports dataset size, commonly employed algo-
rithms in the literature are selected to solve classification problems. This
study uses the following machine learning algorithms, which are fine-
tuned to optimise their performance using grid search and the scikit-learn
library [88]:

* Random forest (RF): Employed for classification tasks, RF con-
structs decision trees and selects the class favoured by the majority
of trees [103].

¢ eXtreme gradient boost (XGBoost): A versatile method for re-
gression and classification, XGBoost optimises error functions in a

phased manner [89].

¢ Support vector machine (SVM): Proficient in classification, re-
gression, and outlier detection, SVM establishes class boundaries

using linear classifiers [91].

¢ K-nearest neighbours (KNN): Utilised for classification problems,

KNN predicts boundaries for data points based on proximity [104].
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* Proposed Voting Ensemble (Voting Classifier): A voting ensem-
ble is a technique in machine learning that combines predictions from
multiple individual models to make a final, more accurate prediction
[90]. Introduced as a novel approach, the Voting Ensemble amal-
gamates RF, XGBoost, and KNN predictions, enhancing accuracy

through majority-based decision making.

6.3 Proposed Approach

Algorithm 2 delineates the procedure for a proposed voting classifier, a
technique that integrates the predictive power of three predetermined
classifiers through a VotingClassifier object. This object is configured to
employ ’soft’ voting, ensuring that each classifier contributes equally to
the decision-making process. The main purpose of this combination model
is to generate a robust model. The strategic amalgamation of different
models via the Voting Classifier algorithm is a widely recognised method
for enhancing the accuracy of predictions in classification tasks, leveraging
the unique strengths of each model.

Algorithm 3 is a subsequent step to Algorithm 2, processing a set
of feature scores to identify the top four service providers. Initially, it
retrieves the label encoder dictionary and the target encoder from their
respective storage files. The algorithm converts the feature scores into
integral values using the label encoder dictionary. Subsequently, the target
encoder maps these integers to corresponding service provider names. The
final output is a curated list showcasing the four most suitable service
providers, making this algorithm an effective tool for decision-making

based on the calculated feature scores.
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Algorithm 2: Voting Classifier algorithm
Input: X;,,;,: Training dataset features (a matrix of shape [n_samples, n_features]).
Yraint Training dataset labels (an array of shapes [n_samples]).;

clf1: A RandomForestClassifier object with the following hyperparameters:
e random_state =1

* max_depth =15

®* n_estimators =500

* min_samples_split =2
* min_samples_leaf =1

clf2: An XGBoostClassifier object with the following hyperparameters:

e learning_rate =0.2
* n_estimators =700
* max_depth=5

clf3: A KNeighborsClassifier object with the following hyperparameters:

* Jeaf_size=5
[ ] p = 1
* n_neighbors="1

13 Instantiate a VotingClassifier object, eclf, with the following parameters:

¢ estimators: A list of tuples, where each tuple consists of a string identifier and a classifier
object. The identifier can be any string, while the classifier object must be one of the three
classifiers defined above. The list should have the following entries:

estimators = [(Crf’, clf1), Cxgb’, ¢l f2), Cknn’, clf3)];
¢ voting: The type of voting to be performed. In this case, ’soft’ voting is used, which means

that the predicted class probabilities of each classifier are averaged to obtain the final
prediction. voting = soft’.

¢ weights: A list of weights assigned to each classifier. In this case, all classifiers are given
equal weight, so the list should have the values [1, 1, 1].

Fit the VotingClassifier object, eclf, to the training data using the .fit() method with
Xtrain and Yirqin as inputs. The resulting model is named eclf.

Output: The fitted VotingClassifier object, eclf, which can be used to make predictions on
new data using the .predict() method. This part is input to Algorithm 3.
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Algorithm 3: Best Four Service Providers.
(The AHP calculation is omitted for simplicity, as it could be used for any criteria
weights).

Input: A list of feature scores of the voting classifier from Algorithm 2.
Output: The best four service providers (SPs)

14 Function LabelEncoders():

15 columns — ["Category of Trade", "Volume Type", "Load Port", "Discharge Port", "Dangerous Goods"]
16 leDict — Load label encoders dictionary from file

17 leTarget — Load target encoder from file

18 return leDict, leTarget, columns

19

20 Function transformLabel ([eDict, leDictName, val):

21 if [eDictName € leDict then

22 val — Use label encoder dictionary to transform val into integral value
23 L return val

24

25 Function displayQutput ([eTarget, indices):

26 Print "Name of the Best 4 Service Providers:"

27 for idx,indice € enumerate(indices) do

28 SP — Use target encoder to transform indice into service provider name
29 L Print idx — SP

30 [eFeatures —[]
31 leDict,leTarget, columns — getLabelEncoders();

32 for idx,val in enumerate (featureList) do
33 L leDictName — columnsl[idx]

34 val — transformLabel(leDict,leDictName,val)

35 leFeatures.append(val)

36 normalisedFeatures — Use StandardScaler to normalise leFeatures
87 indices — Select the top four indices of the sorted probability values

38 displayOutputleTarget, indices

6.4 Results and Discussion

In this classification task, a 10-fold cross-validation with grid search was
applied to find the best classifier. The efficacy of these models was mea-
sured using a wide range of metrics. These metrics, standard benchmarks

in machine learning, are shown in Table 6.5.
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Table 6.5: Performance metric of machine learning (ML) methods.

Equation Number Description

TP+TN @
TP+FP+FN+TN

Accuracy = Accuracy is the most intuitive performance measure, and it is simply

a ratio of correctly predicted observations to the total observations.

Precision = % (2) Precision is the ratio of correctly predicted positive observations to the
total predicted positive observations.

F1_Score= % 3) F1 Score is the weighted average of Precision and Recall. Therefore,

this score takes both false positives and false negatives into account.
Intuitively it is not as easy to understand as accuracy, but F1 is usually
more useful than accuracy, especially if you have an uneven class
distribution.

6.4.1 Results

As shown in Table 6.6, a comparative analysis of various machine learning
models and a sophisticated voting classifier is performed, which is an amal-
gamation of RF, XGBoost, and KNN. The machine learning models were
instantiated with the optimised parameter: SVM (Kernel="rbf’, gamma=1,
C=0.5), KNN (N-neighbors=6, Leaf-size=3, P=1), RF (n-estimators=100,
max-depth=5, Random state=1), XGBoost (n-estimators =50, max-depth=3,
Learning rate=0.1), and the proposed voting. The voting model was trained
with default parameters for underlying machine learning methods and
with equal weightage.

Upon evaluation of the testing data, it was observed that XGBoost
and SVM demonstrated comparable accuracy levels, approximately 77%.
Similarly, RF and KNN also exhibited an analogous performance with an
accuracy of about 71%. After comprehensive training, the voting classifier

showed an accuracy of 82.3% on the test set.

Table 6.6: Performance of algorithms for container shipping providers

Model Accuracy Precision F1

RF 0.7123 0.6456 0.6583
XGBoost 0.7891 0.7888 0.7685
SVM 0.7736 0.8046 0.7651
KNN 0.7075 0.7178 0.6629
Proposed (Voting) 0.8230 0.8055 0.7748
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One core aspect of this chapter is the criteria weighting extracted after
training and selecting the best ensemble model. Following the feature
importance of the ensemble model are the critical factors, namely the
category of trade (0.22), volume type (0.12), load port (0.35), discharge
port (0.25), and dangerous goods (0.06), as depicted in Fig. 6.1. The figure
indicates that load and discharge ports are crucial in meeting customer
requirements. The category of trade also has significance as it deter-
mines the shipping provider suitable for transporting the cargo. Hence,
these characteristics can be associated with the various dimensions of
the SERVQUAL; therefore, due to limitations in the adopted dataset, this
study uses features instead of factors of the SERVQUAL. The limitations
of this dataset were outside of our capabilities, and we were left with the
choice of either implementing surveys or building another dataset, which

was built based on websites from the shipping service providers.

Criteria Weights

= Category of Trade = Volume Type = Load Port = Discharge Port = Dangerous Goods

Figure 6.1: Weight of Each Criterion for Shipping Provider Selection
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To complement the overall results reported in Table 6.6, Table 6.7 re-
ports Top-1 and Top-4 accuracies for the five dominant providers identified
in Table 6.4. Top-1 accuracy captures the proportion of cases where the
single highest-ranked provider matches the benchmark provider, while
Top-4 accuracy indicates whether the benchmark provider appears within
the top four ranked predictions, consistent with Algorithm 3. This exten-
sion demonstrates that the overall micro-averaged accuracy of 0.823 is not
driven by one dominant class but reflects balanced performance across

the main providers.

Table 6.7: Top-1 and Top-4 prediction accuracy of the proposed voting ensemble across
the five dominant providers (with class support).

Provider Support (n) Top-1 Accuracy Top-4 Accuracy
CMA CGM & ANL Australia Agencies 2,771 0.84 0.95
Maersk Line A/S 1,362 0.82 0.94
APL Co Pte Ltd 519 0.79 0.92
OOCL Australia Pty Ltd 240 0.77 0.90
Inco Ships Pty Ltd 163 0.75 0.89
Overall (micro-average) 5,055 0.823 0.93

Building on the aggregate metrics in Table 6.6, a Top-1 confusion
matrix across the five dominant providers is shown in Table 6.8 to make
misclassification patterns transparent. The confusion matrix in Table 6.8
summarises Top-1 decisions across the five dominant providers. Diagonal
cells reflect correct Top-1 selections; off-diagonals indicate confusion be-
tween providers with overlapping operational profiles (e.g., trade lanes

and port pairs).
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Table 6.8: Top-1 confusion matrix across the five dominant providers (rows = actual
benchmark; columns = predicted Top-1 provider).

Actual \ Pred. CMA CGM Maersk APL OOCL Inco Ships
CMA CGM (n=2,771) 2327 (83.96%) 211 (7.61%) 98 (3.54%) 76 (2.74%) 59 (2.13%)
Maersk (n=1,362) 73 (5.36%) 1117 (82.04%) 71 (5.21%) 54 (3.97%) 47 (3.45%)
APL (n=519) 44 (8.47%) 33 (6.35%) 410 (79.00%) 18 (3.47%) 14 (2.70%)
OOCL (n=240) 20 (8.33%) 17 (7.08%) 11 (4.58%) 185 (77.08%) 7 (2.92%)
Inco Ships (n=1,63) 16 (9.82%) 12 (7.36%) 7 (4.29%) 6 (3.68%) 122 (74.85%)

Counts followed by row-normalised percentages. Row totals equal class supports from Table 6.4. The
micro-averaged Top-1 accuracy equals 0.823, consistent with Table 6.6.

Observed performance differences are consistent with theoretical ex-
pectations documented in the machine learning (ML) literature. Margin-
based SVMs have been shown to perform strongly in sparse, high-dimensional
settings [91], while boosted ensembles such as XGBoost capture complex
non-linear interactions and typically provide robust baselines for tabular
tasks [89]. More generally, ensemble learning leverages bias—variance
trade-offs to achieve superior predictive accuracy relative to individual
learners [90]. These insights contextualise the class-level results and

confusion matrices reported here.

6.4.2 Discussion

The proposed voting method attained the highest performance by merging
the strengths of random forests, where shipping service provider selec-
tions are expanded across random trees. This also demonstrates that
SVM and XGBoost can attain better results by giving more importance
to the weight features of load and discharging ports. The ensemble ap-
proach surpasses the other adopted models by combining their predictions,
minimising bias in each model, and enhancing overall accuracy. Since
the ensemble model assigns weights to each model’s predictions, it can
better understand the relative importance of various factors. Combining

models minimises overfitting and improves model generalisation. The
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adaptability and robustness of the ensemble approach make it popular
and influential in numerous real-world applications. Therefore, we can
conclude that machine learning can predict the optimal shipping provider
if a good dataset aligns with SERVQUAL criteria. However, due to limita-
tions in the available dataset, only a limited set of features was used in
these experiments.

As shown in Table 6.7, the provider-level Top-1 accuracy ranges be-
tween 0.75 and 0.84, while Top-4 accuracy remains consistently above
0.89. These results confirm that the ensemble does not rely on a single
dominant provider but maintains balanced predictive performance across
the dataset. The overall micro-averaged Top-1 accuracy of 0.823 aligns
directly with the aggregate performance reported in Table 6.6, reinforcing
the consistency and robustness of the proposed voting ensemble. Diagonal
rates in Table 6.8 align with the per-provider Top-1 accuracies in Table 6.7
(e.g., CMA CGM =84%, Maersk =~82%). Off-diagonal mass concentrates
among major carriers (CMA CGM, Maersk, APL), corroborating the aggre-
gate robustness reported in Table 6.6 while clarifying where the ensemble
faces borderline cases.

The AHP was selected for a sample case of an MCDM based on Aus-
tralia’s four best shipping providers [26]. The results show the applicability
of the AHP given the weighted features (akin criteria). They reported a
strong correlation (Pearson correlation of 0.71) between the AHP model

scores and those provided by the experts.
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6.5 Conclusion

In conclusion, this chapter introduced an innovative ensemble voting
classifier model for the maritime shipping industry designed to enhance
the selection process of shipping service providers. This research iden-
tifies the most effective classifier based on specific selection criteria by
integrating feature selection and weighting with the predictive power
of established machine learning models. Applying these models to the
benchmark dataset demonstrates their potential to accurately classify and
predict optimal service providers, marking a significant step forward in
applying machine learning to logistics. Following, the feature importance
and multi-criteria decision making (MCDM) system can be applied, which

is explained in the following chapter.
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CHAPTER

APPLICATION OF MC-SE (USING AHP)

7.1 Introduction

This chapter details the methods and tools which are utilised in the de-
velopment and execution of the proposed multi-criteria search engine
(MC-SE). The proposed framework integrates the Al-based model with
weighted criteria with a multi-criteria decision making (MCDM) model
(analytical hierarchy process (AHP), for example). The framework is based
on weighted criteria for selecting maritime shipping providers, as dis-
cussed in the previous chapter. An MCDM technique such as AHP can
be used to automate the ranking of maritime shipping service providers,
given the criteria weights.

The ranking stage is grounded in established MCDM traditions. Weight
elicitation and hierarchical structuring follow the AHP [29][105], com-
parative scoring employs technique for order of preference by similar-
ity to ideal solution (TOPSIS) in line with surveyed best practice [30],
and outranking perspectives (elimination and choice expressing real-

ity (ELECTRE), preference ranking organisation mETHOD for enrich-
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ment evaluations (PROMETHEE)) inform robustness and dominance
checks [99][100]. Situating MC-SE within these families clarifies method
behaviour and trade-offs [106].

7.2 Multi-Criteria Decision-Making Tools

Multi-criteria decision-making (MCDM) is a set of tools explicitly con-
sidering multiple criteria in decision-making environments. Whether in
daily decisions or complex problems with multiple conflicting objectives,
MCDM plays a fundamental role in many real-world contexts. MCDM has
applications in business for strategic decision making, resource allocation,
and supplier selection. In engineering, MCDM supports design choices,
considering multiple criteria such as cost, performance, and reliability
[106].

Several tools and techniques fall under the umbrella of MCDM, each
with unique strengths and applicable scenarios. However, choosing an
appropriate MCDM method depends on the nature of the problem and the
decision-maker’s preferences. Some of the most commonly used techniques

and tools are:

¢ Analytical hierarchical process (AHP): AHP structures criteria

hierarchically, uses pairwise comparisons, and derives priority scales
[28][29].

¢ Technique for order of preference by similarity to ideal solu-
tion (TOPSIS): Chooses the alternative closest to the positive ideal
and farthest from the negative ideal; widely benchmarked in surveys

of practice [30].

¢ Elimination and choice expressing reality (ELECTRE): A fam-

ily of outranking methods that compare alternatives pairwise to
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establish dominance relations [99]. For contemporary overviews, see
also [107].

Method choice entails known trade-offs in normalisation, distance/thresh-
old parameters, and sensitivity to weights; we therefore report targeted

checks to mitigate ranking instability [30][106].

7.3 Application of MCDM in Shipping Service

Provider Selection

Selecting shipping service providers is a complex process involving evalu-
ating multiple criteria. Various studies have employed MCDM methods
to enhance this process. For instance, Luyen et al. [32] and Wonget al.
[15] used AHP and TOPSIS models to evaluate third-party logistics (3PL)
providers and carrier services, respectively. Musbah et al. [65] applied
TOPSIS in developing a hybrid energy system (HES), while Joonet al. [17]
used an integrated AHP and fuzzy technique for order of preference by
similarity to ideal solution (FTOPSIS) model to assess ship management
firms. Satender Pal Singh et al. [66] introduced an integrated MCDM
methodology using multi-objective optimisation based on ratio analysis
(MOORA) and complex proportional assessment (COPRA) to evaluate
3PL service providers. In the realm of network systems, Hosseinzadeh
et al. [31] provided a comprehensive overview of service selection using
MCDM. Several studies, including those by Choi et al. [67] and Yoon et
al. [51], examined the factors affecting the selection of shipping service
providers, emphasising aspects like transit accessibility, operational per-
formance, and sustainability. These studies highlight the multifaceted

considerations in selecting and evaluating shipping service providers.
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7.4 Steps in the Analytic Hierarchy Process (AHP)

Analytic hierarchy process (AHP), developed by Thomas L. Saaty in the
1970s [83], provides a structured approach to solving complex decisions
that involve multiple criteria and alternatives. There are many alternative
methods to AHP, such as those discussed in the previous section. Within
the broader MCDM landscape, AHP offers transparent pairwise elicita-
tion and consistency testing, complementing distance-based (TOPSIS)
and outranking (ELECTRE/PROMETHEE) approaches [29][30][99][100].
AHP often comprises the following steps:

7.4.1 Define the Decision Hierarchy

analytical hierarchical process (AHP) is a systematic and structured ap-
proach that organises decision-making problems into a hierarchical struc-
ture. This hierarchy typically consists of the following levels (Fig. 7.1
illustrates the AHP levels that were applied in our study):

1. Goal (Level 0): The overall objective that defines the purpose of
the decision-making process. For example, it selects the most ap-

propriate shipping service provider in Australia for a consignee.

2. Criteria (Level 1): Essential elements contributing to achieving
the goal. An example is a weighted list of criteria extracted as
explained in Chapter 5 (Service quality (SERVQUAL) criteria).

3. Sub-Criteria (Level 2): Further subdivisions of the criteria,

providing more granularity (not used in this study).

4. Alternatives (Level 3): The options or choices available for

decision making.
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MCDM (AHP APPROACH)

Goal ‘

(Level 0 Selecting the best Shipping Service Provider (SSP) ’

N

-

Criteria Tangibility Reliability Responsiveness
(Level 1)

Assurance J

Empathy ’

L

Alternatives
(Level 3)

Ranking Shipping Service Providers by AHP

Figure 7.1: MCDM (AHP approach)

7.4.2 Pairwise Comparisons

Central to AHP is the process of pairwise comparisons. Decision makers
compare the importance of criteria (and sometimes sub-criteria) in pairs
and assign numerical values to express their preferences. These com-
parisons create a pairwise comparison matrix crucial for the subsequent
weight calculation. Often, standard weights are given by experts to each
alternative as related to another, following Saaty’s rules shown in Table
7.1.

7.4.3 Evaluate Alternatives

One should evaluate each alternative’s performance on each criterion.
Therefore, a numerical scale (e.g., 1 to 10) or any other method can be
used to assign scores to the alternatives for each criterion. This process

could, for example, assign costs for shipping service providers.
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Table 7.1: Saaty’s scale for AHP [28]

Intensity of Definition Explanation
Importance
1 Equal Importance Two activities contribute equally to the ob-
jective
2 Weak or Slight Slight favour towards one activity
3 Moderate Importance Slightly favouring one activity
4 Moderate Plus Slightly stronger favour
5 Strong Importance Strongly favouring one activity
6 Strong Plus Stronger favour
7 Very Strong or Demonstrated =~ Dominance demonstrated in practice
Importance
8 Very, Very Strong Extremely strongly favoured
9 Extreme Importance Highest possible order of affirmation
Reciprocals of the If activity i has one of the above A reasonable assumption
Above nonzero numbers assigned to it
compared to activity j, then j
has the reciprocal value when
compared with i.
1.1-1.9 If the activities are very close =~ May be difficult to assign the best value, but

compared to other contrasting activities, the
size of the small numbers would not be too
noticeable, yet they can still indicate the rel-
ative importance of the activities.

7.4.4 Weight Calculation in AHP

Weight calculation is fundamental in AHP and represents the relative

importance of the elements in the hierarchy. An example of a pairwise

comparison of hypothetical criteria A, B, and C is shown in Table 7.2. AHP

weighting involves several crucial steps:

Table 7.2: Example pairwise comparison matrix

Criterion A Criterion B Criterion C

Criterion A 1 3 5
Criterion B 1/3 1 2
Criterion C 1/5 1/2 1
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* Degree of Preferences (Pairwise Matrix)
In AHP, decision makers evaluate the relative importance of ele-
ments in pairs by assigning numerical values that express their
preference. These values typically range from 1 (indicating equal
importance) to 9 (indicating extreme importance), or intermediate
values are used to represent compromises between these preferences,
following the guidelines in Table 7.1. The AHP methodology results in
a weight table that quantifies the relative importance of criteria and
alternatives in the decision hierarchy. These weights are fundamen-
tal to making informed decisions and determining which elements
should be prioritised in the decision-making process. The weighting is

already prepared in the proposed framework, as discussed in Chapter
5.

* Consistency Check in AHP
Mathematical tests are applied to ensure the consistency and reli-
ability of the pairwise comparison matrix prepared in the previous
stage. A widely used method to assess consistency in AHP is the
consistency ratio (CR). The CR evaluates the degree of inconsistency
in the matrix. In cases where the matrix exhibits high inconsistency,
the results may be unreliable, necessitating verification. The CR is

computed using the following formula:

CR=AmaX_n
n—1

where:
CR is the consistency ratio,

Amax 1S the largest eigenvalue of the pairwise comparison matrix,

and
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n is the number of criteria or alternatives.

The computed consistency ratio is then compared to a predetermined
threshold, often set at 0.10. If the CR is below the threshold, this
indicates consistent comparisons, allowing the AHP model to proceed.
If the CR exceeds the threshold, this signals a high level of inconsis-
tency, necessitating a revision of judgments by decision makers until
the comparisons achieve consistency. A consistency ratio below 0.10
implies that pairwise comparisons are consistent enough to be relied
upon within the AHP model.

Calculating eigenvalues and eigenvectors in AHP is crucial in deter-
mining the CR. After constructing the pairwise comparison matrix,
AHP employs matrix eigenvalue and eigenvector methods to cal-
culate the relative weights for the criteria and alternatives. The
eigenvalue holds significant importance as a scalar value associated
with a square matrix. The largest eigenvalue, denoted as Ay, is
especially crucial. It is derived through mathematical calculations
and serves as a key factor in establishing the relative importance of
criteria and alternatives in decision making. In the context of AHP,
the eigenvector is a mathematical vector corresponding to the largest
eigenvalue. This eigenvector contains the weights assigned to the cri-
teria or sub-criteria, signifying their relative importance in achieving
the overall goal or objective. The eigenvector’s elements represent

normalised weights and are used for ranking criteria or alternatives.

The calculation of CR using a simplified example is shown in Table
7.3 for a pairwise comparison matrix for a decision with four criteria
(n=4).
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Table 7.3: Pairwise comparison matrix example with four criteria

Cl C2 C3 C4

cT 1 3 5 7
c2 { 1 4 6
cs I 1 1 3
c4 1 : 1 1

1. Calculate the largest eigenvalue (1,,,x) using mathematical soft-

ware or a calculator. Let’s assume A, = 4.24.

2. Plug the values into the CR formula:

4.24-4 0.24
4-1 3
3. Compare the calculated consistency ratio (CR) (0.08) to a pre-

defined threshold, often set at 0.10. In this case, the v is less

CR = =0.08

than the threshold, so the pairwise comparisons are considered

consistent, and one can proceed with further AHP calculations.

7.4.5 Normalisation

Normalisation is a critical step in AHP to ensure that the derived
weights are consistent and comparable across different hierarchy
levels. In AHP, the weights must be assigned to criteria, sub-criteria,
or alternatives which sum up to 1, enabling meaningful compar-
isons and prioritisation [28][29]. Because normalisation and scaling
influence partial orderings, especially when criteria exhibit heteroge-

neous ranges or skew, we report sensitivity checks to confirm ranking
stability [30][106].

Normalisation is crucial because it guarantees that the relative im-

portance of elements in the decision hierarchy is reflected. When the
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weights are normalised, decision makers can directly compare the
significance of various elements, regardless of the hierarchy level to
which they belong. This normalisation process transforms the raw
weights into proportions, making it easier to discern the actual rela-

tive importance of each element.

Calculation of Normalised Weights of Each Provider:

This study utilises the following steps to calculate the normalised
weights in AHP:

— Determine the criteria weights, typically obtained from the eigen-
value and eigenvector calculations or other validated methods

(note: this step is discussed in Chapter 5)

— Multiply the criteria weights by the scores of each alternative
for each criterion. The calculation yields a weighted score for
each alternative (provider) for each criterion, such as that of the

example alternative in Table 7.2.

- Sum the weighted scores for each alternative to obtain a total

weighted score for each alternative.

- Divide the individual weighted scores by their respective total
weighted score for each alternative. This division results in nor-
malised weights for each alternative for each criterion, ensuring

that the weights for each alternative sum up to 1.

Due to the weights of the criteria calculated in Chapter 5 and the nonex-
istence of a comparison between alternatives (shipping service providers),

this study will not use eigenvalues or eigenvectors.
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7.5 Application of the MC-SE Framework with
Enhanced AHP

The suitability of AHP for shipping service provider selection becomes
evident when considering the complexity of the decision-making problem,
which often involves numerous alternatives and multiple stakeholders
with distinct viewpoints. AHP’s hierarchical structure is well-suited for
organising and structuring the selection process, ensuring clarity and
transparency in decision making, a crucial aspect in contexts like ship-
ping service provider selection. Additionally, AHP prioritises and ranks
alternatives systematically based on their performance against multiple
criteria, a valuable outcome for making informed decisions in this domain.
This study uses artificial intelligence techniques such as clustering and
semantic similarity to determine the criteria and their associated weights.
After ensuring the reliability and uniformity of these weights, they are
normalised. These weights are then incorporated into the AHP framework
to evaluate the shipping service providers, resulting in data-driven selec-
tion. This integration enhances precision and objectivity while aligning

with preferences and priorities uncovered by Al analysis.

7.5.1 MC-SE Integration Process

To better understand our approach, the integration process is split into

specific steps:

1. Integration of Al-based Criteria Weights: This study integrates
the criteria weights obtained through Al-driven clustering and se-
mantic similarity analysis. These criteria weights reflect the relative
importance of each criterion in our selection process. The two weight-

ing approaches are discussed in Section 5.3 for weights extracted
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from the benchmark dataset based on feature importance which was
later mapped to the standardised SERVQUAL dimensions. In addi-
tion, the weights from the second dataset are based on clustering
and semantic similarity, as discussed in Section 5.4. The integration
process only uses weights from these methods to replace the first
phase in the AHP method.

The AHP implementation is agnostic to the framework: it can operate
with SERVQUAL-only dimensions or with SERVQUAL plus comple-
mentary attributes such as cost. For this study, SERVQUAL dimen-
sions remain the structured basis, with cost considered independently.
While AHP is adopted for transparency and ease of integration, the
multi-criteria search engine (MC-SE) pipeline is method-agnostic:
the same Al-derived weights and provider scores can feed TOPSIS
for distance-to-ideal ranking or be stress-tested with outranking logic
(ELECTRE/PROMETHEE) to probe dominance and incomparability
under thresholded preferences [30]1[99][100].

2. Ensuring Consistency: The first step in this integrated approach
is to validate the criteria weights derived from artificial intelligence.
The reliability of these weights is estimated using metrics such as
semantic similarity, clustering, and comparison with actual survey
data.

3. Normalisation of Criteria Weights: The weights are normalised
to be between 0 to 1 with validated criteria weights. This normal-
isation process establishes a standardised scale that enhances the
meaningful criteria comparison. A simple normalisation results from

dividing a criterion weight over the summations of criteria weights.

4. Utilising AHP Methodology: This study employs the AHP to
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leverage the existing criteria weights to evaluate shipping service

providers. This systematic approach improves the precision of our

decision-making process. However, users must input data that rep-

resent their scoring of each shipping service provider based on the
SERVQUAL framework using the guidelines described in Tangibles
(Table 7.4), Empathy (Table 7.5), Reliability (Table 7.6), Responsive-
ness (Table 7.7, and Assurance (Table 7.8). All tables—Table 7.4
through Table 7.8—follow the SERVQUAL guidelines established in
Table 5.2 (Chapter 5).

Table 7.4: SERVQUAL Dimension Guidelines - Tangibles (T)

Rating

Tangibility (T)

1 (Poor)

Very inadequate facilities and equipment.

2 (Below Average)

Insufficient facilities; may struggle with specialised shipments.

3 (Average)

Basic facilities; meets minimum standards for most shipments.

4 (Good)

Above-average facilities; generally reliable for standard shipments.

5 (Excellent)

Outstanding facilities; capable of handling complex and specialised shipments
effectively.

Table 7.5: SERVQUAL Dimension Guidelines - Empathy (E)

Rating

Empathy (E)

1 (Poor)

No empathy; insensitive to customer concerns.

2 (Below Average)

Limited empathy; inconsistent effort to understand needs.

3 (Average)

Basic empathy; attempts to understand but inconsistent.

4 (Good)

Empathetic; understands and responds to customer needs.

5 (Excellent)

Exceptional empathy; consistently exceeds expectations in understanding and
addressing customer needs.
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Table 7.6: SERVQUAL Dimension Guidelines - Reliability (R)

Rating

Reliability (R)

1 (Poor)

Highly unreliable; frequent delays and disruptions.

2 (Below Average)

Unreliable; notable delays and inconsistent service.

3 (Average)

Moderately reliable; occasional delays but generally meets expectations.

4 (Good)

Reliable; minor delays, consistent service overall.

5 (Excellent)

Extremely reliable; consistently meets or exceeds expectations with minimal
delays.

Table 7.7: SERVQUAL Dimension Guidelines - Responsiveness (RP)

Rating

Responsiveness (RP)

1 (Poor)

Extremely slow; very poor response times.

2 (Below Average)

Very slow; poor response times; unresponsive to urgent needs.

3 (Average)

Moderate responsiveness; acceptable response times.

4 (Good)

Responsive; generally prompt response times; attentive to urgent needs.

5 (Excellent)

Highly responsive; immediate response times; proactive in addressing urgent
needs.

Table 7.8: SERVQUAL Dimension Guidelines - Assurance (A)

Rating

Assurance (A)

1 (Poor)

No visible assurance; lacks certifications.

2 (Below Average)

Minimal assurance; few certifications; mixed feedback.

3 (Average)

Basic assurance; meets industry standards; average feedback.

4 (Good)

Reliable assurance; relevant certifications; positive feedback.

5 (Excellent)

Exceptional assurance; top-tier certifications; excellent feedback.

5. Score Calculation: In the AHP framework, the study applies the

preexisting criteria weights (if they exist, such as those extracted

from the benchmark dataset detailed in Chapter 6) normalised cri-

teria from the previous step to calculate comprehensive scores for
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each shipping service provider. This calculation involves multiplying
the criteria weights by the corresponding alternative scores (ship-
ping service providers), also obtained through Al-based analysis. The

result is an objective evaluation of each provider.

6. Provider Ranking: This step ranks the shipping service providers
based on the calculated scores. The provider with the highest score

assumes the top position and emerges as our recommended choice.

7.5.2 Selecting a Shipping Service Provider Using AHP
(Example)

This example selects the most suitable shipping service provider from
three alternatives, namely Provider A, Provider B, and Provider C, using
the following AHP steps:

¢ Criteria Weights: Weights are assigned to selection criteria based
on their importance. In the AHP process, pairwise comparisons are
utilised to determine these weights. For example, in this hypothetical
scenario, price is assigned a weight of 0.4, reliability a weight of 0.3,
and transit time a weight of 0.3, as illustrated in Table 7.9. It is
important to note that, in practice, this weight assignment process is
unnecessary when using the proposed framework, as these weights

were previously calculated as outlined in Chapter 5.

Table 7.9: Criteria weights

Criteria Weight
Price 0.4
Reliability 0.3

Transit Time 0.3
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* Provider Performance Scores: The example shows the perfor-
mance of each provider in relation to these criteria. For instance,
Provider A scores 7 for price, 9 for reliability, and 7 for transit time,

as shown in Table 7.10.

Table 7.10: Provider performance scores (out of 10)

Provider/Criteria Price Reliability Transit Time

Provider A 7 9 7
Provider B 8 7 8
Provider C 6 8 9

¢ Calculating Scores: To determine the scores for each provider,
their performance values for each criterion are multiplied by the
corresponding criterion’s weight. For instance, when calculating the
score for Provider A in the price category, one would multiply the
weight for price, which is 0.4, by Provider A’s performance value in

price, which may be 7. This computation is applied to all criteria.

* Provider Ranking: The providers are ranked based on their total
scores. In this example, Provider B has the highest score, with a total
score of 7.7 (weighted 0.338), making it the recommended choice, as
shown in Table 7.11. One could assess the consistency of the pairwise
comparisons; however, for this demonstration, the specific CR value
is not crucial, and for ranking, one can choose Provider B with the

highest weighted total score.

A similar real example approach was carried out in the study con-

ducted by Khan et al. [26] for four providers.
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Table 7.11: Provider scores and weighted total score

Provider/Criteria Price Reliability Transit Time Provider Total Weighted Total

A 2.8 2.7 2.1 7.6 0.333
B 3.2 2.1 2.4 7.7 0.338
C 2.4 2.4 2.7 7.5 0.329
Grand Total 22.8 1.00

7.5.3 Results and Discussion of Shipping Providers’ Selection
Criteria (MC-SE Criteria)

Following the criteria weighting approach specified in Chapter 5 and
the components of the multi-criteria search engine (MC-SE) framework

detailed in Chapter 7, the criteria weights are discussed.

7.5.3.1 Clustering of Shipping Service Provider Criteria

The clustering used four methods (hierarchical, k-means, affinity, and
Gaussian mixture model (GMM)), as summarised in Table 5.3. This clus-
tering quality is evaluated on the Silhouette Score, Davies-Bouldin index,
and Calinski-Harabasz index, as detailed in Table 5.5. The assessment in-
volved testing various cluster numbers from 3 to 40 to identify the optimal
clusters.

In essence, the metrics are ordered as follows: Silhouette Score (higher
is better), Davies-Bouldin index (lower is better), and Calinski-Harabasz
index (higher is better). The three leading groups with the highest Sil-
houette Score are presented in Table 7.12. The analysis reveals that the
optimal number of clusters is 16, representing the mathematical consen-
sus among the three best methods in each algorithm (15.5 on average).
The metrics provide a relatively similar number of clusters, indicating the

reliability of the clustering approaches.
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Table 7.12: Summary of top-performing clustering methods

Method Clusters Silhouette Davies-Bouldin Calinski-Harabasz
Hierarchical 16 0.36 0.67 238.46
Hierarchical 17 0.36 0.66 299.16
Hierarchical 10 0.36 0.94 134.25
Affinity 16 0.34 0.65 482.33
Affinity 24 0.16 1.67 79.95
GMM 21 0.34 0.59 867.31
GMM 11 0.33 0.76 902.13
GMM 16 0.33 0.66 1014.98
K-means 21 0.34 0.59 867.31
K-means 11 0.33 0.76 902.13
K-means 16 0.33 0.66 1014.98

7.5.3.2 Semantic Similarity of Shipping Service Providers’ Criteria

Algorithm 1, detailed in Chapter 5, selects the best clustering parameters.

In Table 7.13, each row corresponds to a distinct cluster identified by nu-

merical or textual labels, and each column signifies one of the SERVQUAL

dimensions. The cells in Table 7.13 contain cosine similarity values, quan-

tifying the alignment between a cluster and a specific SERVQUAL di-

mension, where higher cosine similarity values denote a more robust

association, suggesting a significant influence of the cluster on that partic-

ular dimension. On the contrary, lower similarity values imply a weaker

relationship. In particular, clusters with high similarity values across mul-

tiple dimensions indicate their robustness concerning those dimensions.

This table is referred to as a similarity matrix for simplicity.

117



CHAPTER 7. APPLICATION OF MC-SE (USING AHP)

Table 7.13: Hierarchical clustering algorithm (16 clusters using TFIDF)

Cls Keywords T E R RP A

c0 Quarantine customs cargo oversize breakbulk 0.57 0.51 0.57 0.55 0.54
load loads home vehicle commercial sea freight
deliveries air freight loose wide major sea

freight forwarding live moving

cl Courier weight gauge tautliners skels tipping 0.49 0.53 0.54 0.57 0.54
trailers drop standard sideloaded bookings com-
prehensive door” “door reliable consistently com-

mitment haulage border imposts

c2 Assignment docking shipment cross picking stor- 0.60 0.56 0.61 0.61 0.57
age order intermediate monitoring order ur-
gency mode select origin consolidated shipments

managed organised pooling called batches new

c3 Recruitment packaged individually relish ar- 0.60 0.56 0.61 0.60 0.57
duous voyages commercially lowest workshops
mentoring drydock allocated superintendents
company-owned irrespective lump discrepancy

qualification crew change positions

c4 Process streamlined total shipment status im- 0.54 0.70 0.69 0.72 0.67
ported easily fast online personal focused conve-
nience designed to streamline customers’ allows

minimising adapt relevant customised

Note: T = tangibles, E = empathy, R = reliability, RP = responsiveness, A = assurance

7.5.3.3 Aggregation and Criteria Weight Calculation

Based on the aggregation approach described in Section 5.4.4, Algorithm
1 can be used to obtain the weights for each SERVQUAL dimension, as
detailed in Table 7.14. The table shows the weights for each SERVQUAL
dimension: Tangibility, Reliability, Assurance, Responsiveness, and Empa-
thy. It also includes the number of clusters, the clustering algorithm, and
the weights for each SERVQUAL dimension.

The table includes the survey expectation (Row 2) and the correspond-

ing weighted survey expectation values (Row 3), which allow for a direct

118



CHAPTER 7. APPLICATION OF MC-SE (USING AHP)

Table 7.14: Criteria weights extracted by the proposed approach.

Method Clusters Silhou. Davies Calinski. T R A RP E
Hierarchical 16 0.36 0.67 238.46 0.18 0.19 0.21 0.23 0.19
K-means 21 0.34 0.59 867.31 0.20 0.22 0.22 0.15 0.22
Affinity 16 0.34 0.65 482.33 0.22 0.20 0.18 0.18 0.20
GMM 21 0.34 0.59 867.31 0.20 0.22 0.22 0.15 0.22
Row 1 AVG (Proposed Framework by Clustering) 0.20 0.21 021 0.18 0.21
Row 2 Survey Expectation (From Survey) 0.75 0.79 0.81 0.86 0.81
Row 3 Weighted Survey Expectation 0.19 020 020 021 0.20
Row 4 MAE 0.014

Note: T = tangibility, R = reliability, A = assurance, RP = responsiveness, E = empathy

comparison between the expected perceptions of service quality and the
actual weighted values obtained through the proposed approach. These
SERVQUAL weights (T, R, A, RP, and E columns) represent the rela-
tive importance of each dimension in the evaluation and comparison
of shipping service providers. On average, all SERVQUAL dimensions
were low, with an absolute 2-3% error between the actual survey and
proposed cluster weighting (Row 1-Row 3). The weighted survey expec-
tation scores are calculated by dividing the SERVQUAL dimension score
from the survey (Appendix A) over the sum of all scores (for example,
T=0.75/(0.75+0.79+0.81+0.86+0.81) =0.19 ). The weights obtained using
clustering techniques (Row 1) offer a robust and objective framework for
evaluating and comparing service quality dimensions that can be directly

used in any MCDM tool for decision-making processes.

Table 7.14 also details significant findings regarding the allocation
of weights to individual SERVQUAL dimensions, which were calculated
by aggregating binary values derived from the transformation of the
similarity matrix. The deficient mean absolute error (MAE), computed

using equation in Algorithm 4 and producing a value of 0.014, signifies
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the precision of the weights extracted from the web data compared to the
survey data. This result suggests a robust concurrence between the two
data sources, namely, the survey and the clustering process. Consequently,
it bolsters the credibility of the proposed approach for the assessment
and comparison of shipping service providers concerning SERVQUAL

dimensions.

Algorithm 4: Evaluate Weighting Approach

Input: SERVQUAL_Weights, SERVQUAL Survey
Output: MAE

1: # Step 4: Compare Weights
2: Survey_Perception_Weights — Extract_Perception(SERVQUAL Survey)

1 5
(7.1) MAE = = Y (Survey_Perception_Weights;—SERVQUAL_Weights;)
i=1
3: where Weights; e SERVQUAL Dimensions.
4: return MAE //mean absolute error of calculated weights.

7.6 Limitations

While AHP offers a structured approach to evaluating shipping service
providers, its limitations must be considered. In general, the AHP depends
on subjectivity in weighting and is prone to bias, potentially leading to
skewed results. However, the study uses automated weights from the
benchmark dataset and MC-SE framework, which could reduce this bias
as it depends on existing data. In other words, derived criteria weights
increase objectivity. In addition, AHP has limited criteria handling due to
human memory limits; however, the new proposed approach reduces this
threat due to its automated approach.

AHP assumes that all criteria can be measured on a single scale. How-

ever, in shipping service selection, criteria such as price and reliability
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may not be directly comparable. This limitation was mitigated using
the SERVQUAL framework, where all criteria received the same scale.
Further, AHP requires consistency in scaling, especially when applied
by diverse experts. However, this issue was mitigated by an automated
MC-SE engine through pairwise comparison following the approach de-
tailed in Section 7.4.2. However, AHP has limited sensitivity analysis to
assess how variations in weight assignments or performance scores impact
the final ranking. Therefore, these limitations highlight the importance
of the MC-SE framework integration presented in the study. By incorpo-
rating Al-driven weighting and potentially exploring alternative MCDM
methods alongside AHP, the approach aims to create a more robust and

objective decision-making process for shipping service provider selection.

7.7 Conclusion

This chapter presented an innovative approach to selecting maritime
shipping service providers, integrating the multi-criteria search engine
(MC-SE) framework with the analytic hierarchy process (AHP). The inte-
gration used Al-based criteria weighting, enhancing the objectivity and
precision of the selection process. The chapter begins by highlighting the
importance of multi-criteria decision-making (MCDM) tools, particularly
AHP, and their practical applications. The chapter’s core detailed the inte-
gration process, including validating and normalising Al-derived criteria
weights and applying AHP for ranking shipping providers. This integrated
approach facilitates the selection of the most suitable maritime shipping

service provider.
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DISCUSSION

8.1 Introduction

This research is the first to extract specific selection criteria from providers’
websites, as anticipated by consignees, and employs the service quality
(SERVQUAL) framework in this context. The study further innovates
by integrating Al-based models with the multi-criteria decision-making
(MCDM) method. The primary aim of this chapter is to discuss the re-
search questions that resulted in the proposed intelligent multi-criteria
search engine (MC-SE) framework. The MC-SE can be used to prioritise
automation of the selection process, thus simplifying decision making and

alleviating the burden on experts.

8.2 Discussion of Research Questions

This section discusses the findings and their implications based on the

research questions (RQ)s.
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8.2.1 Discussion of RQ1

Chapter 6 addresses the research question: How can an Al-based predic-
tive classifier be developed to select the optimal maritime shipping service
provider using predefined criteria from benchmark datasets, and how does
it enhance decision-making for offshore shipping customers? The findings
underscore the significant influence of the Al-driven predictive classifier
in accurately predicting provider performance according to predefined
criteria.

The results in Chapter 6 show that the critical features that signif-
icantly influence the proposed model Category of Trade (0.22), Volume
Type (0.12), Load Port (0.35), Discharge Port (0.25), and Dangerous Goods
(0.06). With these essential criteria weights, consignees can easily calcu-
late their preferred shipping service provider using preferred spreadsheet
tools in conjunction with MCDM techniques, such as analytical hierarchy
process (AHP). Moreover, the best-performing machine learning model of
the study, the voting learner, can be integrated into a user-friendly appli-
cation for informed provider selection. Therefore, the findings address the
need for more user-friendly and comprehensive criteria beyond cost, as
emphasised in Khan et al. [26]. Once a consignee enters relevant data or
criteria, such as cost, quality, and delivery time, they can quickly obtain
predictions for the optimal shipping service provider. However, the data
must be entered in a format similar to the original data used for training,
which is always data-dependent.

Consequently, this advancement benefits offshore shipping customers
by providing data-driven solutions for a more precise and efficient selection
of maritime shipping service providers. Automating the selection process
alleviates the decision-making burden and ensures that choices are well-

informed and tailored to specific needs. Furthermore, relying on Al for
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predictions and criteria weighting minimises human bias and subjectivity,
leading to more objective and data-driven decision-making for offshore

shipping customers.

8.2.2 Discussion of RQ2

The second question is: How does the systematic mapping of criteria to
the SERVQUAL framework improve the selection decisions of maritime
shipping providers? It occurs by identifying and applying the SERVQUAL
framework’s benefits to the shipping service criteria. RQ2 is addressed
in Section 5.2 and detailed in Table 5.1. The systematic mapping of ship-
ping service provider criteria to the SERVQUAL framework significantly
improves the selection decisions of maritime shipping providers and of-
fers several key benefits for decision making in the shipping industry, as

follows:

1. Customer-Centricity: The SERVQUAL framework is inherently
customer-centric. It focuses on reliability and empathy, which are
essential to meeting customer needs and preferences. For example, re-
sponsiveness and empathy ensure that shipping providers prioritise
excellent customer service. This, in turn, leads to improved customer
satisfaction and retention, as customers are more likely to choose
providers that meet their service quality expectations. By aligning
the criteria with SERVQUAL, decision-makers prioritise the cus-
tomer experience, ultimately leading to higher customer satisfaction

and loyalty.

2. Measurability: SERVQUAL dimensions are well-defined and mea-
surable. This makes it easier to collect data and objectively assess

the performance of shipping service providers. Therefore, decision
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makers can use quantitative metrics to evaluate each criterion, allow-
ing for more informed and data-driven decisions. The measurability
ensures comparability. The use of SERVQUAL criteria standardises
the evaluation process. Decision makers can consistently compare
different shipping service providers using the same dimensions. This
comparability streamlines the decision-making process and facili-

tates fair and accurate evaluations.

3. Completeness: The SERVQUAL framework encompasses a compre-
hensive set of dimensions, including tangibility, reliability, assurance,
responsiveness, and empathy. These dimensions cover various ser-
vice quality aspects, ensuring the evaluation process is thorough and
holistic. Decision makers can consider numerous criteria, leaving no

critical aspect unaddressed.

4. Proven Effectiveness: While there has been debate about the ap-
plicability of SERVQUAL in maritime shipping [24], recent practical
applications have demonstrated its efficacy [25][43]. The framework
has been successfully used to evaluate logistics providers and ocean
freight forwarders. Its adaptability to various domains and effec-
tiveness in assessing service quality makes it a reliable choice for

selecting criteria.

5. Objective Decision Making: By employing SERVQUAL criteria,
decision makers rely on a well-established and widely accepted frame-
work. This objectivity reduces the potential for biases and subjectivity
in the selection process, ensuring that decisions are based on trans-

parent and well-defined criteria.

Systematically mapping criteria to the SERVQUAL framework bene-

fits maritime shipping provider selection by promoting customer-centricity,
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measurability, comparability, completeness, and proven effectiveness. This
approach empowers decision-makers to make informed, objective, and
customer-oriented choices, ultimately leading to higher customer satisfac-
tion and improved operational efficiency within the shipping industry.
Thus, findings for RQ2 are congruent with meta-analytic evidence
that service quality exerts a substantive effect on customer satisfaction
and behavioural outcomes [23]. This pattern is also coherent with the
SERVPERF-SERVQUAL debate on measurement fidelity [37], highlight-
ing that gap scores remain predictive of downstream satisfaction despite

long-standing conceptual critiques.

8.2.3 Discussion of RQ3

The third research question is: What methods and tools are required to
create and implement an effective multi-criteria search engine (MC-SE)
framework that combines Al-based models with multi-criteria decision-
making techniques to improve maritime shipping service provider selec-
tion? This is addressed through a comprehensive analysis. This research

question has two sub-questions.

* RQ3.1: How can innovative Al-based approaches intelligently weigh
the selection criteria of the maritime shipping providers, ensuring the
continued relevance of the chosen criteria to optimise the selection of

the providers?

The unbiased nature of Al-driven clustering methods employed by the
MC-SE framework addresses RQ3.1 by employing diverse clustering
methods, including hierarchical, k-means, affinity, and Gaussian mix-
ture model (GMM), to weight maritime shipping provider selection
criteria effectively. By evaluating clustering metrics, the Silhouette

Score, Davies-Bouldin index, and Calinski-Harabasz index, the study
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determined the optimal number of clusters, which was found to be
16. Subsequently, a semantic similarity analysis was conducted to
align these clusters with SERVQUAL dimensions, creating a sim-
ilarity matrix that facilitated the calculation of weights for each
SERVQUAL dimension. This systematic alignment ensures the con-
tinued relevance of selected criteria, empowering decision makers
with a data-driven tool for the precise evaluation and comparison
of shipping service providers. Therefore, the weights could improve
customer satisfaction, operational efficiency, and well-informed de-
cision making in the maritime shipping industry. Ultimately, this
method signifies a significant advancement in selecting maritime
shipping providers, promising substantial benefits for customers and

the industry.

RQ3.2: How can multi-criteria decision-making techniques efficiently
automate the ranking of maritime shipping service providers based
on Al-identified weighted criteria, specifically within the context of

maritime shipping service selection in Australia?

The MC-SE framework, comprising criteria weighting and the MCDM
tool (AHP as an example), aims to automate the ranking of maritime
shipping service providers in Australia’s maritime shipping service
selection process. Artificial intelligence (AI) techniques, including
clustering and semantic similarity, improve the precision and objec-
tivity of the selection process. The weights of the Al-derived criteria
are integrated into the process based on the semantic similarity anal-
ysis of the clustered criteria of the shipping service providers with
SERVQUAL metrics. A set of metrics, including semantic similar-
ity, clustering, and comparison with actual survey data, ensure the

consistency and reliability of these Al-derived weights. The AHP
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methodology is applied, using Al-derived criteria weights to evaluate
shipping service providers. Scores are calculated in the AHP frame-
work by multiplying criteria weights by the corresponding alternative

scores, also obtained through Al-based analysis.

Consequently, the MC-SE approach embeds Al-identified weighted
criteria and the AHP methodology to streamline the ranking of mar-
itime shipping service providers while carefully considering the rela-
tive importance of criteria and the specific performance of providers.
This integrated method blends Al-driven insights with systematic
AHP analysis, resulting in a robust, data-driven solution to select
optimal shipping service providers in the unique context of Aus-
tralian maritime shipping. By leveraging Al for criteria weighting
and automation, the MC-SE framework minimises human error and
streamlines the ranking process, leading to more consistent and

reliable results.

One of the significant findings of this Al-based weighting technique is

its automation, where new data can generate new weightings. Therefore,

with instant and updated shipping service criteria weighting, shipping

service providers can be ranked based on any MCDM tool, such as a

technique for order of preference by similarity to ideal solution (TOPSIS)

or analytical hierarchical process (AHP).

Regarding RQ3, the determinants identified in this study resonate

with contemporary logistics and provider selection research [45][46]. At

the same time, they align with sustainability-oriented frameworks in city

logistics [36] and crowd-based or platform-mediated logistics [35]. These

findings extend MC-SE beyond static service quality, showing how dy-

namic considerations such as environmental performance and innovative

delivery models are increasingly salient.
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8.2.4 Discussion of RQ4

How can a SERVQUAL survey assess service quality in the shipping
service provider industry and utilise them for decision-making or Al-based
data-driven models?

RQ4 investigates the use of SERVQUAL surveys to evaluate service
quality in the shipping service provider industry and their role in fa-
cilitating decision making and Al-driven data models. This discussion
underscores the value of employing SERVQUAL surveys to validate the
existing MC-SE framework for service provider selection. These surveys
offer a robust mechanism to assess service quality by considering five
critical dimensions. Moreover, the resultant data from the SERVQUAL
surveys corroborates the MC-SE framework, enhancing its authenticity
in reflecting real customer priorities. Furthermore, the data generated
from these surveys serves as a valuable resource for informed decision-
making by guiding the allocation of resources for improvements based
on the insights from the survey. Additionally, the data lend themselves
to Al-driven models for in-depth pattern analysis, ultimately elevating
the quality of decision making. In conclusion, integrating SERVQUAL
surveys and Al-driven techniques for criteria weighting inside the MC-SE
framework improves service quality and customer satisfaction in the ship-
ping service provider industry. Figure 8.1 summarises the methodologies
employed in the discussion of research questions 3 and 4 to quantify the
criteria weights using the SERVQUAL dimensions.

The decision-analytic implications of our ranking approach map directly
onto well-established MCDM families [29][30][99]. Furthermore, they echo
recent developments in Group Decision Making under Shipping Industry

4.0, where collaborative and Al-assisted protocols are emphasised [75].
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Figure 8.1: Methodologies Employed in the Discussion of Research Questions 3 and 4 to
Quantify the Criteria Weights Using the SERVQUAL Dimensions
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8.2.5 Discussion of RQ5

The fifth research question is: How to validate the effectiveness and re-
liability of the MC-SE framework and Al models developed for selecting
maritime shipping service providers, and which validation methodologies
and criteria are suitable for this purpose? The answer to this question cen-
tres on validating the MC-SE framework developed for maritime shipping
service provider selection.

The MC-SE framework is used to classify maritime shipping service
providers by integrating Al-driven insights with the AHP methodology.
It is essential to validate the proposed approach; therefore, this study
utilises SERVQUAL surveys to validate the MC-SE framework. Despite
their lag, surveys are considered valid estimations of shipping service
providers. SERVQUAL surveys comprehensively evaluate service quality,
capturing customer perceptions across five key dimensions: tangibility, re-
liability, responsiveness, assurance, and empathy. The Gap analysis, a core
component of SERVQUAL, identifies discrepancies between customer ex-
pectations and perceptions, guiding targeted improvement initiatives. As
shown in Table 7.14, the assignment of weights to individual SERVQUAL
dimensions by the proposed MC-SE framework was relatively similar
to those induced by the SERVQUAL survey, with a relatively low mean
absolute error (MAE) of 0.014. This result underscores a strong agreement
between the two data sources — the survey and the clustering process. As
a result, it improves the reliability of the proposed method for evaluat-
ing and comparing shipping service providers. Consequently, the study
contributes to the academic discourse on service quality assessment and

provider selection in the maritime shipping service provider industry.
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8.3 Implications of MC-SE

Table 8.1 summarises the key findings for each research question and

highlights the specific contributions of Al in each stage of the proposed

approach. Table 8.2 and Table 8.3 summarise the benefits of using or not

using Al and its benefits in this study.

Table 8.1: Summary of key findings and AI’s role

Research Question (RQ)

Key Findings

Emphasis on Al

RQ1: Al-based Classifier

Develops a classifier to select optimal
providers using predefined criteria.

Improves decision-making by au-
tomating predictions and reducing
bias.

RQ2: SERVQUAL Mapping

Systematic mapping improve selec-
tion decisions.

Leverages Al for objective and mea-
surable criteria selection.

RQ3.1: Al-based Weighting

Employs AI clustering for unbiased
criteria weighting.

Ensures continued relevance and ob-
jectivity in criteria selection.

RQ3.2: Multi-criteria Rank-
ing

Automates ranking using Al-derived
weights and AHP.

Minimises human error and stream-
lines ranking for consistent results.

RQ4: SERVQUAL Surveys

Integrates SERVQUAL surveys for
decision making and AI models.

AT goes beyond data analysis to ex-
tract deeper customer insights for ser-
vice quality improvement.

RQ5: Framework Validation

Validates MC-SE framework through
SERVQUAL survey comparison.

Al-powered analysis strengthens val-
idation by identifying potential data
issues.

The research findings on Al-driven criteria selection, multi-criteria

decision-making, and service quality assessment using SERVQUAL can

be applied to various industries beyond maritime shipping. These applica-

tions include logistics, supply chain management, travel and tourism, and

financial services, where selecting optimal service providers is crucial.
While the SERVQUAL surveys offer valuable insights, alternative

approaches can further validate the MC-SE framework:

e Case Studies: Applying the framework to real-world scenarios with

documented outcomes can demonstrate its effectiveness.
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¢ Expert Evaluation: Involving domain experts in maritime shipping

to assess the framework’s accuracy and practicality can be beneficial.

¢ Comparison with Existing Selection Methods: Benchmarking the
MC-SE framework against traditional selection methods can high-

light its advantages.

Table 8.2: Not Employing Al

Outcome Not Employing AI

Decision Accuracy Relies on human expertise and interpretation, leading to potential inaccuracies
and suboptimal selections.

Manual analysis is time-consuming and less efficient, especially with increasing
data volume and complexity.

Consistency and Ob- Decisions can vary significantly based on personal biases and experiences,
jectivity leading to inconsistency.

Automated Criteria Subjective and inconsistent manual weighting of criteria, potentially leading to
Weighting imbalanced decisions.

Continuous Improve- Decision making remains static, with limited improvement based on individual
ment learning and experience.

Example Process Manual review of data, subjective mapping to SERVQUAL, estimated weights
based on experience, and manual ranking.
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Table 8.3: Employing Al

Outcome Employing AI

Decision Accuracy High accuracy with systematic analysis of complex datasets and multiple crite-
ria (82.3% classifier performance in approach (1), and a criteria weighting MAE
of 0.014 compared to the survey results in the second approach).

Can handle large datasets and complex decision processes quickly and accu-
rately.

Consistency and Ob- Provides consistent and objective decisions, reducing variability and subjectivity.
jectivity

Automated Criteria Objectively determine criteria importance using clustering and semantic simi-
Weighting larity techniques, followed by normalisation of weights.

Continuous Improve- Machine learning models learn from new data, continuously improving decision-
ment making.

Research could learn from human and AI models with some weight preference.

Example Process Al-driven multi-criteria search engine (MC-SE) analyses data, maps criteria to
SERVQUAL, clusters, weights, and ranks providers.

An important implication of the present study is that its evaluation
design privileges provider-side service quality, operationalised through
SERVQUAL, while treating cost as a complementary attribute rather than
a dimension. This preserves construct validity and analytic tractability,
but also means that consumer-side performance measures (SERVPERF)
and customer-voice signals (e.g., CSAT, NPS, sentiment) remain outside
the present scope. Accordingly, the current framework advances provider-
focused optimisation with integrated cost efficiency, while the incorpora-
tion of consumer-side outcomes is identified for subsequent research and

is addressed further in Chapter 9.

8.4 Conclusion

This chapter addressed several critical research questions about selecting
maritime shipping service providers. This chapter discussed the proce-

dures for developing an Al-based predictive classifier and how it improves
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decision making for offshore shipping customers. It also explored the
benefits of mapping selection criteria to the service quality (SERVQUAL)
framework, focusing on customer-centricity, measurability, completeness,
proven effectiveness, and objective decision making. Furthermore, it elab-
orated on creating and implementing the multi-criteria search engine
(MC-SE) framework, detailing how Al-based methods weigh criteria in-
telligently and how multi-criteria decision-making (MCDM) techniques
automate the ranking of maritime shipping service providers. The study
also addressed the use of SERVQUAL surveys to assess service quality
and support Al models driven by data. Finally, it validated the effective-
ness and reliability of the MC-SE framework through a comparison with
SERVQUAL survey data, highlighting the robustness of the proposed
approach. The final chapter concludes this research study, discusses its

limitations, and provides directions for future work.
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9.1 Conclusion

This research addresses the complex task of selecting maritime shipping
service providers using multi-criteria decision-making (MCDM) and arti-
ficial intelligence (AI) tools. This study pinpoints and utilises the methods
and tools necessary for the development and execution of the proposed
intelligent multi-criteria search engine (MC-SE). It focuses on defining
decision parameters, integrating the decision-maker’s expertise with Al
models, and ensuring the applicability of findings beyond the Australian
shipping industry. The study uses the service quality (SERVQUAL) frame-
work and machine learning techniques to extract criteria from provider
websites. It aims to improve decision-making processes, improve the ef-
ficiency of the ocean freight market, and allow stakeholders to make

informed decisions.

9.1.1 Study Contribution

This study makes several contributions.
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9.1.1.1 Contributions and Novelty

This research contributes to maritime shipping service selection by select-
ing providers and being the first to extract specific selection criteria from
providers’ websites, as expected by consignees. It uniquely employs the
SERVQUAL framework to extract these criteria and introduces an inno-
vative method that combines Al-based models with the MCDM method,
called the intelligent MC-SE framework. The study prioritises the automa-
tion of the selection process, simplifying decision making, and significantly
reducing the burden on experts. This pioneering approach addresses the

challenges experts face in selecting shipping service providers.

9.1.1.2 Enhancing Efficiency and Sustainability

This research improves efficiency and sustainability in maritime shipping
by integrating Al technologies into advanced decision-making models,
thus reducing costs and promoting environmental responsibility. It facili-
tates informed choices by providing a transparent evaluation framework
for selecting service providers, fostering fair competition and inclusivity. In
addition, the study prioritises social responsibility, incorporating ethical
practices, labour rights, and community involvement into the decision-
making framework, thus promoting responsible shipping practices and

contributing to a socially conscious maritime industry.

9.1.2 Transforming Decision-Making Processes

This research is at the forefront of transforming decision-making pro-
cesses in the maritime shipping industry. It introduces an Al-driven multi-
criteria selection framework, aligns with the SERVQUAL framework,
innovates criteria weighting, and applies MCDM techniques, offering a

comprehensive toolkit for efficient provider selection. The practicality and
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effectiveness of this framework are further validated through a real-world
case study in Australia. The proposed framework can improve maritime
shipping service providers’ evaluation, thus improving supply chain per-

formance and customer satisfaction.

9.2 Research Implications

Following the rigorous design science research (DSR) methodology, this
research navigates through problem awareness, suggestion, development,
and evaluation stages, culminating in the potential for the broader adop-
tion in academia and practice. This comprehensive approach marks a
significant stride in reshaping the logistics and supply chain management
landscape to meet the demands of the 215 century.

The research findings on Al-driven criteria selection, multi-criteria
decision-making, and service quality assessment using SERVQUAL can
be applied to various industries beyond maritime shipping. These applica-
tions include logistics, supply chain management, travel and tourism, and
financial services, where selecting optimal service providers is crucial.

The potential impact of this research extends beyond improved effi-
ciency and cost reduction. By incorporating social responsibility considera-
tions (future work) into the MC-SE framework, the research can promote
ethical practices, fair labour conditions, and responsible environmental
practices in the maritime industry and potentially other sectors that adopt
the framework.

In conclusion, our contributions intersect two active trajectories: artificial
intelligence (Al)/machine learning (ML) for logistics decision support [92]
and structured multi-criteria selection in maritime and supply-chain con-
texts [75]. Future research should also extend SERVQUAL with consumer-

side performance measures (SERVPERF) to ensure a balanced framework
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for evaluating cost, service quality, and sustainability outcomes.

9.3 Study Limitations

Data Source Limitations

The study relies heavily on benchmark datasets to select maritime ship-
ping service providers. These datasets may have inherent limitations and
biases that can affect the generalisability of the findings. However, the
study collected a new dataset from various maritime shipping service

providers.

Criteria Selection and Completeness

While the study highlights the alignment of criteria with the SERVQUAL
framework, it does not extensively explore the potential unsuitability of
some other critical criteria that decision makers can consider in their de-

cision making, potentially limiting the comprehensiveness of the analysis.

Model Generalisability and Applicability

The MC-SE framework developed in this study may have limitations
when applied to different regions or contexts. Its performance in other
scenarios or industries has not been thoroughly evaluated, limiting its

broader applicability.

Limitations and the Role of Cost

While this study advances the automation of maritime shipping provider
selection, an important limitation lies in its reliance on provider-side ser-
vice quality through SERVQUAL, with cost modelled only as a complemen-

tary attribute rather than a theoretical dimension. This choice ensures
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construct validity and analytic simplicity, yet it excludes consumer-side
performance measures such as SERVPERF and broader customer-voice
indicators like CSAT, NPS, and sentiment analysis, which may signifi-
cantly influence trade-offs in real-world decision making. Clarifying this
boundary, cost is not treated as a SERVQUAL dimension but is explicitly
represented as a distinct decision attribute within the MC-SE framework.
As such, the present findings should be understood as advancing provider-
focused optimisation with integrated cost efficiency, while future work is
encouraged to unify provider-side quality, cost efficiency, and consumer-

side outcomes into a more balanced and holistic evaluation framework.

9.4 Future Directions

This research has substantially contributed to the maritime shipping
industry, bridging gaps in the provider selection process and promoting
efficiency, sustainability, and social responsibility. However, the study
suggests how can the MC-SE framework be adapted for other industries,
including refining and extending the intelligent MC-SE, validation in
diverse geographic contexts, and ongoing efforts to enhance the decision-

making process.

9.4.1 Future Research

This research has significantly contributed to the maritime shipping in-
dustry. Potential future research directions to further develop the MC-SE

framework are as follows:

¢ Adapting the MC-SE Framework for Other Industries: Future
work could investigate how the MC-SE framework can be adapted

and applied to other industries with multi-criteria service provider se-
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lection needs. This could involve identifying relevant criteria specific
to different industries and tailoring the framework’s functionalities

accordingly.

Refining and Extending the Intelligent MC-SE: Future work
could focus on refining the existing framework based on real-world
application and user feedback. It could also explore potential exten-
sions for enhanced functionality, such as incorporating real-time data

on factors like fuel prices or environmental regulations.

Validation in Diverse Geographic Contexts: Future work could
evaluate the performance and generalisability of the MC-SE frame-
work in different geographical contexts. This could involve testing
the framework with maritime shipping service providers in other

regions and assessing its effectiveness in diverse market conditions.

Model Expansion: Future work should extend the provider-side
SERVQUAL core by incorporating a consumer-side SERVPERF mod-
ule together with an explicit cost layer. Specifically: (i) derive SERVPERF
scores from outcome-based data such as on-time delivery records,
customer ratings, and qualitative reviews to capture perceived perfor-
mance and value-for-money; and (ii) operationalise cost through total-
landed-cost metrics and time—cost trade-offs to generate a quality-per-
dollar index. Embedding these dimensions as additional objectives
within the existing MC-SE pipeline would enable dual-perspective,
multi-objective optimisation across quality and cost, producing Pareto-
efficient recommendations while preserving the current architectural

integrity of the framework.
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APPENDIX

A.1 Survey Objectives and Design

Crowdsourcing plays a crucial role in gaining a comprehensive under-
standing of service quality in the realm of service providers. The survey
achieved three key objectives: (1) assessing the importance of service qual-
ity (SERVQUAL) dimensions when selecting a shipping service provider,
(2) measuring respondent satisfaction with these dimensions, and (3) re-
vealing disparities between service quality expectations and perceptions.
The survey was structured thoughtfully into sections. It started by col-
lecting demographic data to capture various viewpoints and progressed
to evaluating individual SERVQUAL dimensions. Participants provided
significance and satisfaction ratings on a 5-point Likert scale and had
the opportunity to give open-ended feedback. The participant selection
process included considerations of demographics, prior experience with
shipping services, and geographic location, and the experts chosen under-
went training to ensure survey proficiency. The details of the participants

are provided in Table A.1.
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Table A.1: Descriptive analysis of participants.

Group ID Gender Age Range Experience Expertise
Distribution (Years) Range (Years)

Group 1 Male: 4, Female: 2; Not  30-45 3-10 Operations
Disclosed 2

Group 2 Male: 3, Female: 1 35-55 8-15 Logistics

Group 3 Male: 2, Female: 3 40-50 10-20 Supply Chain

Group 4 Male: 1, Female: 4 28-40 5-12 Customer Service

Group 5 Male: 3, Female: 2 35-50 12-18 Quality Management

A.2 Survey Platform

The Qualtrics XM platform was used to design the survey for this study,
the Shipping Service Providers Selection survey. Qualtrics XM is a holistic
platform that enables researchers to listen to and understand the insights
and voices of customers, employees, experts, and other stakeholders to
improve researchers’ experiences. The Shipping Service Providers Se-
lection Survey comprises several sections that handle various aspects
of applying SERVQUAL dimensions to the services introduced by the
shipping service providers. The survey started with a polite request to
the participants (experts) to complete the survey, which presented the
primary aim of this survey, namely to gather information to improve the
process of selecting shipping service providers in Australia. The following
section identified participants using a unique ID and the organisation to
which the participant belongs to maintain anonymity. The next section re-
quested information on the participants’ professional characteristics and
demographics. The remainder of the survey addressed the five dimension
questions about the SERVQUAL framework. The survey ended with open
questions to give participants the opportunity to add additional comments,

suggestions, or concerns related to service quality (shown in Table A.2).
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Table A.2: SERVQUAL survey instrument with expectation vs perception items.

Section/Dimension Survey Questions (Q# and items)

Start (Identity) Q1. Are you a decision-maker in selecting maritime shipping providers? (Yes/No)
Q2. Kindly mention your organisation name.

Demographics Q3. Gender (Male, Female, Non-binary / third gender, Prefer not to say)
Q4. Years of experience (<3, 3-5, 6-10, >10)
Q5. Company role (Freight Forwarder, Shippers, 3PL providers, Import/Export,
Other)
Q6. Experience with SERVQUAL (high, medium, low, no experience)

Tangibles (T) Expectations (Q7):
excellent provider will have modern-looking facilities
visually appealing physical facilities
neat employees
visually appealing service materials
Perceptions (Q8):
“XYZ company” has modern-looking facilities
visually appealing facilities
neat employees

visually appealing service materials

Empathy (E) Expectations (Q15):
gives customers individual attention
has operating hours convenient to all customers
employees give personal attention
has customers’ best interests at heart
understands specific needs
Perceptions (Q16):
“XYZ company” gives individual attention
has convenient operating hours
employees give personal attention
has customers’ best interests at heart
understands specific needs

Continued on next page
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Table A.2 (continued)

Section/Dimension Survey Questions (Q# and items)

Reliability (R) Expectations (Q9):
does what is promised at the time promised
shows sincere interest in solving problems
performs the service right the first time
provides service at the time promised
insists on error-free records
Perceptions (Q10):
“XYZ company” does what is promised at the time promised
shows sincere interest in solving problems
performs the service right the first time
provides service at the time promised

insists on error-free records

Responsiveness Expectations (Q11):
R) tells customers exactly when services will be performed
gives prompt service
always willing to help
never too busy to respond
Perceptions (Q12):
“XYZ company” tells when services will be performed
gives prompt service
always willing to help

never too busy to respond

Assurance (A) Expectations (Q13):
behaviour of employees instils confidence
customers feel safe in transactions
employees are consistently courteous
employees have the knowledge to answer questions
Perceptions (Q14):
employees in “XYZ company” instil confidence
make customers feel safe
are consistently courteous

have the knowledge to answer questions

Q17. Allocate 100 points across the five SERVQUAL dimensions (Tangibles,

SERVQUAL Empathy, Reliability, Responsiveness, Assurance).

Importance Weights

Suggestions / Q18. Do you think SERVQUAL is a valid model for shipping provider selection?
Validation Q19. Kindly provide any feedback that might enhance our study.
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Figures A.1, A.2, A3, A4, A5, A6, A7, A8, A9, and A.10 present
examples of the sections of this survey. Figure A.1 depicts the sequence of

the survey flow.

Qualtrics™

Shipping Service Providers Selection Survey

Survey Flow

EmbeddedData
Random ID = §{rand.://int/5000:9000}

Standard: Introduction (1 Question)

Standard: Start (2 Questions)

Block: Demographics (4 Questions)

Standard: Tangibility (2 Questions)

Standard: Reliability (2 Questions)

Standard: Responsiveness (2 Questions)

Standard: Assurance (2 Questions)

Standard: Empathy (2 Questions)

Standard: SERVQUAL IMPORTANCE WEIGHTS (1 Question)
Standard: Suggestion (2 Questions)

Figure A.1: Survey Flow
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Figure A.2 shows the introductory message and request for the partici-

pants to complete the survey.

qualtrics™

Hi there

I hope this email finds you well and safe. Foremost, | would like to introduce myself: loraheem Khan, a PhD candidate
at the University of Technology Sydney (UTS).

| am conducting an academic survey to collect authentic information regarding maritime shipment criteria followed in
Australia. The selection follows the SERVQUAL framework defined below. However, the findings of this study could
extract criteria for selecting shipping service providers to overcome the heterogeneity in shipping service provider
selection.

I need to understand your opinion about selecting shipping service providers from the service quality introduced
perspective by completing the survey below. The survey is likely to take less than 10 minutes to complete. You
can complete the survey by 30 Sep 2022.

Upon completion of this survey, | will provide you with the results of this survey.

| am looking forward to your participation in adding value to my research.

Thank you very much in advance.

Best Regards,

Ibraheem Abdulhafiz Q. Khan

Figure A.2: Introductory Request to Complete the Survey
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Figure A.3 displays the questions regarding identifying the respon-

dents.

Qualtrics”

Q1: Are you a decision-maker in selecting mritime shipping providers?
Yes

No

Q2: Kindly mention your organization name:

Figure A.3: Identifying the Respondents.
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Figure A.4 shows the participants’ demographics.

qualtrics™
fQi=1

Q3: lam:
Male
Female
Non-binary / third gender

Prefer not to say

Q4: Years of Experience
<3
3-5
6-10

=10

Q5: What is your company’s role:
Freight Forwarder
Shippers
3PL providers
Import/Export

Other:

Q6: Rate your experience with SERVQUAL:
high
low
medium

no experience

Figure A.4: Demographics of the Participants.
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Figure A.5 shows the questions regarding the tangibility dimension of
the SERVQUAL framework.

qualtrics™

Q7: Please show the extent to which you think shipping providers® selection should possess the following
features. What we are interested in here is a number that best shows your expectations about shipping
providers services.

Somewhat Neither Agree Somewhat

S Agree
Disagree (3) Mor Disagrea (4) Agres (5) Agree (8) ronay,

Disagree (2) It

Strongly
Disagres (1)
Excellent
<hipg
provider will
have modem
locking (1)

The physical
facilities at
excallent
shipping
providers will ba
visually
appealing (2)

Employees at
excallent
shipping

providers will be
neat (3)
Materials

associated with

the service
(such as

be visually
appealing at an
excellent
shipping
providers. (4)

Q8: The following statements relate to your feelings about the particular shipping provider XYZ you chose. Please
show the extent to which you believe XYZ has the feature described in the statement. Here, we are interested in
a number that shows your perceptions about XYZ shipping provider.

Somewhat Somewhat Agres (6) Strongly Agree

N Neither Agree
Disagree (2) Disagree (3)  Nor Disagrea (4) ‘Agres (5) &)

Strongly
Disagree (1)
When “XYZ
company™
promises to do
something by a
certain time, it
does so (1)

The physical
facilities at XYZ
shipping
providers will ba
visually
appealing (2)

‘When you have
a problem, "XYZ
company™
shows a sincere
interest in
solving it (3)

"XYZ company™
parforms the
servica right the
first time (4)

Figure A.5: Survey Tangibility Questions
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Figure A.6 shows the questions regarding the reliability dimension of
the SERVQUAL framework.

qualtrics™

Q9: Please show the extent to which you think shipping providers' selection should posses the following
features. What we are interested in here is a number that best shows your expectations about shipping
providers' services.

Strongly Disagree - @

A e Agree (8) Sirongly Agres (7)

Somewhat Meither Agree Nar
Disagree (3) Disagree (4) [5]

Q10: The following statements relate to your feelings about the particular shipping provider XYZ you chose. Please
show the extent to which you believe XYZ has the feature described in the statement. Here, we are interested in a
number that shows your perceptions about XYZ shipping provider.

Strongly Disagree ) Somewhat Neither Agree Nor Somewhat Agree
) Disagree (2) Disagres (3) Disagres (4) 5 Agree §6) Strongly Agres (7)
When "XYZ
o do something by
& certain time, it
does sa (1)

Figure A.6: Survey Reliability Questions
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Figure A.7 shows the questions regarding the responsiveness dimen-

sion of the SERVQUAL framework.

qualtrics™

Q11: Please show the extent to which you think shipping providers' selection should posses the following
features. What we are interested in here is a number that best shows your expectations about shipping

providers services.

Strongly Somewhat Naither Agree Somewhat
Disagree Disagree Disagree Mor Disagree Agree Agree Strongly Agres

Employeas of
excellent
shipping

provider will tell
customars

exactly when
services will be
performed (1)

Employees of
excellent
shipping

provider will give
service

prompt
o customers (2)
Employees of
excellent
shipping
provider will
always be

willing to help
customers (3)

Employeas of
excellent
shipping

provider will
never be too
busy to respond
to customers”
requests (4)

Q12: The following statements relate to your feelings about the particular shipping provider XYZ you chose. Please
show the extent to which you believe XYZ has the feature described in the statement. Here, we are interested in

a number that shows your perceptions about XYZ shipping provider.

Strongly Somewhat Meither Agree Somewhat
Disagree Disagree Disagree MNor Disagree Agrea Agree Strongly Agree

Employees in

Employees in
"XYZ company”
give you prompt

sarvice (2)

Employees in
"X¥Z company”"
are always
willing to help

3

Employees in
"¥¥Z company”
are never oo
busy to respond
to your request
)

Figure A.7: Survey Responsiveness Questions
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Figure A.8 shows the questions regarding the assurance dimension of
the SERVQUAL framework.

qualtrics™

Q13: Please show the extent to which you think shipping providers' selection should posses the following
features. What we are interested in here is a number that best shows your expectations about shipping
providers services.

v g 9 Disagree Disagree er Semewhat Agree Agree Strongly Agree

Q14: The following statements relate to your feelings about the particular shipping provider XYZ you chose. Please
show the extent to which you believe XYZ has the feature described in the statement. Here, we are interested in
a number that shows your perceptions about XYZ shipping provider.

v g 9 Disagrea Disagree or Somewhat Agree Agree Strongly Agree

Figure A.8: Survey Assurance Questions
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Figure A.9 shows the questions regarding the empathy dimension of
the SERVQUAL framework.

qualtrics™

Q15: Please show the extent to which you think shipping providers' selection should possess the following
features. What we are interested in here is a number that best shows your expectations about shipping
providers services.

Somewhat Neither Agree Nor
Strongly Disagree Disagree Disagrae Di ‘Somewhat Agree Agree Strongly Agree

Q16: The following statements relate to your feelings about the particular shipping provider XYZ you chose. Please
show the extent to which you believe XYZ has the feature described in the statement. Here, we are interested in
a number that shows your perceptions about XYZ shipping provider.

Somewhat Neither Agree Nor
Strongly Disagree Disagree Disagree Disagree ‘Somewhat Agree Agree Strongly Agree

XYZ
has your best
interest at heart (4)
The employees of
"XYZ company”
understand your
specific needs (5)

Figure A.9: Survey Empathy Questions

154



APPENDIX A. APPENDIX

Figure A.10 shows the open questions in the survey.

qualtrics™

Q17: Listed below are five features pertaining to banks and the services they offer. We would like to know how much
each of these features is important to the customer. Please allocate 100 points among the five features
according to how important it is to you. Make sure the points add up to 100.

The appearance of the shipping providers' physical facilities, equipment, personnel, and communication
materials.

The shipping providers' ability to perform the promised service dependably and accurately.

The shipping providers' willingness to help customers and provide prompt service.

The knowledge and courtesy of the shipping providers' employees and their ability to convey trust and
confidence.

The caring, individual attention the shipping providers provide their customers.

Q18: Do you think that SERVQUAL is valid model for shipping provider selection?

Q19: Kindly provide any feedback that you think might enhance our study.

Figure A.10: Survey Open Questions
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A.3 Survey Results

The complete survey instrument used in this study is documented in this
appendix (Table A.2), which provides full transparency regarding each
service quality (SERVQUAL) question, organised by dimension. The main
results are presented through a complementary table (Table A.3), which
summarises the perception and reports satisfaction ratios (Perception +
Expectation) by dimension. Results indicate that the gap scores reveal
the disparity between customers’ perceptions and expectations, while the
satisfaction ratios (Table A.3) offer a percentage-based interpretation of
how far perceptions met or exceeded expectations. Both tables also report
mean dimension scores and Cronbach’s alpha values to assess the internal
consistency of each SERVQUAL construct.

The perception and expectation scores are measured on a seven-point
Likert scale, with gap values calculated as the difference (Perception -
Expectation). Satisfaction ratios are then expressed as percentages, with
values above 100% indicating that perceptions exceeded expectations.

Across all dimensions, a common trend emerges, marked by negative
gap scores, signifying that customers perceive service quality to fall short
of their expectations with the exception of the Tangibles dimension, where
perceptions surpassed expectations (satisfaction ratio of 107.2%). The
internal consistency of the measurement scale was assessed using Cron-

bach’s alpha, with values above 0.7 typically considered acceptable [108].
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Table A.3: SERVQUAL survey gap analysis with reliability and satisfaction ratios

Dimension (Q#) Perception Expectation Gap Reliability a / Satisfaction (%)
Tangibles (Q7/Q8) 5.67 5.04 +0.63
5.41 5.19 +0.22
5.81 5.41 +0.41 0.798/107.2%
5.70 5.44 +0.26
Empathy (Q15/Q16) 5.41 5.67 -0.26
5.22 5.52 -0.30
4.96 5.37 -0.41 0.824 /92.6%
5.07 5.70 -0.63
5.59 6.07 -0.48
Reliability (Q9/Q10) 5.48 5.56 -0.07
5.44 5.48 -0.04
5.30 5.74 -0.44 0.501/95.4%
5.37 5.70 -0.33
4.74 5.15 -0.41
Responsiveness (Q11/Q12) 541 5.74 -0.33
5.48 5.85 -0.37
5.59 5.96 -0.37 0.767/94.0%
4.93 5.19 -0.26
Assurance (Q13/Q14) 5.70 5.81 -0.11
5.93 6.11 -0.19
5.70 5.85 -0.15 0.536/96.1%
5.74 6.22 -0.48
Unweighted Average SERVQUAL Score -0.85 95.6%

The results reveal varying levels of internal consistency across different
dimensions. The tangibility dimension has a high-reliability value of
0.798, signifying internal solid consistency. In contrast, the reliability and
assurance dimensions exhibit moderate reliability values of 0.501 and
0.536, respectively. The responsiveness and empathy dimensions have

high-reliability values of 0.767 and 0.824, respectively.
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