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ABSTRACT ARTICLE HISTORY

Limited research has examined how ports’ big data analytics capability (BDAC) is asso- Received 12 April 2026
ciated with operational and sustainable performance. In response, this study develops and Accepted 26 May 2026
validates a decision support system (DSS) that integrates expert judgements, fuzzy set

theory, unsupervised machine learning (ML), Decision Trees, and Bayesian Network analy- gigv(;’:gl‘ag;yﬁcs capability;
sis. Data were collected through a Likert-scale questionnaire completed by 158 respon- port operations; port
dents from 40 major ports. The responses were aggregated using an improved Similarity management; decision-
Aggregation Method, and K-Means clustering was applied to classify ports into perfor- making

mance groups. Decision Trees were then developed to identify performance clusters and
key improvement areas, while a Bayesian Network was used to explore relationships
among BDAC, port operational performance, and port sustainable performance. The
results indicate that ports with stronger BDAC generally achieve better operational and
sustainable performance, although other contextual factors may also play important roles.

1. Introduction

Decision-making processes are considered critical factor in the success of any organisation (Bregar,
2024) and they are strongly influenced by the ability to evaluate the organisational performance.
However, supply chains have become progressively more challenging due to globalisation (Tiwari
et al., 2023), while high levels of volatility and complexity in organisational performance have made
decision-making process more difficult (Jraisat et al., 2021). Within this context, Decision Support
Systems (DSSs) play a pivotal role in decision-making by highlighting critical factors, defining more
convenient strategies, and assessing firm performance. Furthermore, they could be employed at
different decision levels (Meski et al., 2021). Consequently, the literature offers a wide variety of
DSSs, among which the artificial intelligence-based or machine learning (ML)-based (Cantini et al,,
2022; Olan et al., 2024; Tirkolaee & Torkayesh, 2022) and expert-based systems (Bai et al., 2019; Cinelli
et al.,, 2022) are very popular. ML-based DSSs usually employ typical ML algorithms (e.g. neural
network) to define the current conditions or predict future conditions of parameters. ML has become
increasingly popular because of its analytical power and advances in computational devices (Uddin
et al., 2024). However, enterprises frequently face difficulties in adopting ML, due to the lack of
required unbiased data and the need to continuously retrain the model (DeBrusk, 2018).
Furthermore, data may be of poor quality (e.g. due to manual entry errors) or may be stored in
many distinct databases, leading to long pre-processing times (Rapaccini et al., 2022). Finally, ML must
be used for measurable parameters or variables; otherwise, it will be abused when data are artificially
generated by using mathematical model (Cantini et al., 2022). On the other hand, EDSSs are often
characterised by the adoption of multi-criteria decision methods (MCDM) (Lorenz et al., 2022;
Udokporo et al, 2021), which can also be integrated with fuzzy theory (Jain et al., 2020). Some
MCDMs may be time-consuming (e.g. DELPHI) or inconsistent when several comparisons are
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considered (Gohari et al., 2022). Furthermore, when multiple experts are consulted, it is required to
deal with conflicts among experts’ opinions (Z. Zhang & Li, 2022), which is not a trivial task. Finally,
expert-based DSSs usually require experts to express opinions, and the information they provide is
generally limited to the field of application. Indeed, MCDMs such as the Analytical Hierarchy Process
(AHP) can be influenced by subjectivity (Yadav et al., 2022). Thus, the results cannot always be
generalised and are often limited to the needs and priorities of the firm adopting the tool. Based
on the these considerations, it is important to develop DSSs that are easy to interpret, quick to use,
and able to provide general results.

DSSs are adopted for different purposes and in various fields, including maritime operations. In this
context, DSSs are used to evaluate port performance or identify the critical factors influencing performance.
Indeed, maritime shipping is considered the principal transport mode for goods, accounting for about 90%
of worldwide trade volume (Wang et al,, 2023). This has resulted in the continuous development of DSSs to
assess port and maritime operational performance (Gao et al., 2019; Wong et al., 2021). Furthermore, due to
their economic importance and widespread use, ports should maintain an appropriate level of sustainability
by considering all the factors that characterise the Triple Bottom Line (TBL): economic, environmental, and
social. To this end, Port Sustainable Performance (PSP) has attracted significant attention (Garg et al., 2022;
Kong et al., 2022; Tseng & Pilcher, 2019; Tseng & Yip, 2020; Tsolakis et al., 2022), leading to the proposal of
different DSSs. Meanwhile, the advent of COVID-19 has led ports to invest in digital technologies (Alamoush
et al.,, 2022), including big data platforms and cloud technologies. Information technologies and Big Data
Analytics Capability (BDAC) can help organisations better manage massive datasets, achieve effective and
efficient decision-making, and improve organisational performance (Chen et al.,, 2022; Di Vaio & Varriale,
2020; Simoni et al., 2022). In recent years, the ability to handle big data has improved drastically
(Bhattacharya et al., 2024), and BDAC is usually regarded as a game-changer (Raut et al., 2021). In this regard,
some studies highlight the benefits of BDAC on organisational and operative performance (Mikalef et al.,
2020; Wamba & Akter, 2019). BDAC is also seen as a smart supportive layer for the development of smart
ports (H. Li et al., 2023). However, insights into how BDAC influences organisational performance are still
limited (Orero-Blat et al., 2025). Moreover, little attention has been devoted either to evaluating ports’ BDAC
or to accessing its impact on both port operative (PP) and PSP. In fact, big data are mainly used to predict
parameters, detect anomalies, and automate operations, while the literature linking BDAC and environ-
mental considerations remains scarce for container terminals (Raeesi et al., 2022). Finally, although many
DSSs have been developed for environmental and operational performance, a DSS for evaluating port BDAC
is still lacking. Thus, this paper first aims to propose a method for developing a DSS based on the integration
of experts’ judgements and ML. Specifically, experts from different organisations are asked to evaluate the
performance of their organisation. The collected opinions are used to train an unsupervised ML model.
Accordingly, the resulting tool can be considered general because it is created from information collected
from different firms. This aspect helps overcome the specificity of results typical of multi-criteria methods
based on expert judgements. Furthermore, the DSS can be used without collecting extensive data or
implementing algorithms, thereby overcoming the limitations of ML applications. Second, this paper aims
to evaluate ports’ BDAC and its relationships with PP and PSP. Developing a tool for evaluating port
performance could help highlight the strengths and weaknesses that characterise ports.

The remainder of this paper is structured as follows. Section 2 presents the theoretical background
regarding DSSs, unsupervised machine learning and Fuzzy Set Theory (FST) in the context of port operations.
Section 3 illustrates the tools and steps of the framework to develop the DSS, while Section 4 describes the
main results. Section 5 discusses the findings. Finally, Section 6 presents the conclusions, limitations, and
avenues for future research

2. Theoretical background

In this section, first, the background related to DSSs developed for port operations is presented.
Subsequently, the section is expanded by focusing on the adoption of unsupervised learning and Fuzzy
Set Theory (FST) for maritime performance evaluation. Finally, the conceptual framework of the present
study is described in the last subsection.
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2.1. Decision support system in port operations

In the context of port operations, different approaches are used to develop tools capable of guiding
decisions, which, in turn, may be related to different factors. Examples of DSSs for port operations and
management include risk-based models for natural hazards (Banan-Dallalian et al., 2023; Cremen et al., 2022),
systems that support logistics (Rotunno et al., 2023; Zhen et al., 2022), and models that support maintenance
activities (Ebrahim et al., 2022).

In addition to these fields, DSSs are also used to evaluate port performance, such as port resilience (Zhou
et al, 2021). In this context, researchers employ different tools, among which ML and multi-criteria models
are very popular. For instance, Wong et al. (2021) proposed a DSS based on a mathematical model combined
with optimisation algorithms (such as deep neural network) to predict shipping network yields. In another
recent study, Moscoso-Lépez et al. (2021) employed different ML algorithms to predict perishable cargo
flows, while H. Li et al. (2023) compared different ML algorithms for trajectory prediction. Another work by
Gao et al. (2019) used a recurrent neural network to predict daily container flows. Cankaya et al. (2021)
adopted distinct ML techniques to predict and classify vessel activities. According to the previous para-
graphs, ML is generally employed to predict future conditions, which, in turn, could support decision-making
process. However, ML may not always be a viable option for firms and organisations because of several
challenges, such as a lack of data or know-how barriers (Pan et al., 2022). Regarding multi-criteria model-
based DSSs used to evaluate maritime performance and related activities, several techniques are adopted,
such as the Analytic Hierarchy Process (Attardi et al., 2015; Lirn et al., 2013) and the Technique for Order of
Preference by Similarity to Ideal Solution (X. Zhang et al., 2022). These techniques usually employ expert
judgements, which are associated with uncertainty. To address this uncertainty, FST can be exploited (Celik &
Akyuz, 2018; Salleh et al.,, 2014). In other words, these DSSs could be used to evaluate unknown or latent
variables; however, even though the tools are general (i.e. they can be employed by any user), the results
they provide are usually case-specific (i.e. they are valid only for the port that uses them).

Based on the above considerations, it could be beneficial to merge the advantages of ML-based and
expert-based DSSs to obtain a DSS capable of providing general results and being used quickly without the
requiring specific algorithmic or mathematical knowledge.

2.2. Unsupervised learning and fuzzy set theory to evaluate port performance

Among unsupervised learning approaches, clustering observations into groups is very popular in supply
chain and operations management. Clustering algorithms are used for several purposes, such as grouping
suppliers into different segments to define a strategy for each supplier (Coskun et al., 2022), evaluating the
performance of similar supply chains in different regions (Sabouhi et al., 2021), and dividing enterprises into
different categories of environmental practices (Pahuja et al., 2024).

Unsupervised learning is also employed in the context of port operations; however, it has seen far fewer
applications than supervised learning (Filom et al., 2022). One possible reason for this trend is that
unsupervised learning has an unknown output for each observation, unlike supervised learning. Thus,
even though unsupervised learning does not require experts to label the available data, it requires
a deeper understanding of the results. Typical unsupervised learning algorithms used for port operations
include K-Means and Density-Based Spatial Clustering (DBSCAN). The first technique is used by Liu et al.
(2020) and AbuAlhaol et al. (2018) to study port congestion. Port congestion and traffic have also been
studied by Xin et al. (2022), Peng et al. (2022) and Wang et al. (2022) through DBSCAN and its practical
evolutions. It is worth mentioning that unsupervised machine learning is also used for other purposes in the
context of port operations. For instance, Fuentes (2021) employed DBSCAN to rank ports based on their
relative importance, while Cabral and de Sousa Ramos (2014) adopted K-Means, hierarchical clustering, and
partitioning around medoids to divide 17 ports into different groups based on a set of competitiveness
criteria. Azzam et al. (2021) also divided ports into different clusters through K-Means, considering twenty-
five operational dimensions such as port size. In a more recent work by Mansouri et al. (2021), K-Means was
used to classify a group of eight ports based on their ability to accommodate autonomous ships. K-Means
and, more generally, unsupervised learning are used in the context of port operations to evaluate port
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congestion or classify ports based on their characteristics, mainly operational characteristics. However, little
attention has been devoted to classifying ports based on their ability to analyse Big Data.

Another popular solution for analysing port performance, characteristics, or features is to exploit expert
judgements. Indeed, experts can provide information in cases of data scarcity. In this context, it is pivotal to
aggregate judgements on the same subject from different experts, who may hold different opinions. Moreover,
it is fundamental to address the subjectivity of the respondents. A widespread approach for performing these
tasks is the adoption of fuzzy set theory, especially for risk analysis and risk assessment related to port
operations (Alyami et al,, 2019; Sarkar et al., 2022; Wen-Xin & Guo-Ping, 2021). Fuzzy set theory and related
techniques are also popular for evaluating port performance (Bray et al., 2015; Castellano et al., 2019) and,
subsequently, comparing different ports or potential port locations (Pamucar & Gorgilin, 2022; Raad et al., 2022).
Although most research has traditionally focused on operational port performance, green and sustainability
aspects have progressively become more important; therefore, recent works have incorporated them into their
studies (Zhao et al,, 2021). Green aspects are usually considered either as a standalone class (Garg et al., 2022;
Jaidee et al., 2022; Tseng & Pilcher, 2019) or as part of broader port performance evaluation (Tseng & Yip, 2020;
Zhao et al., 2021). In the present study, green performance is regarded as a standalone category that includes
environmental, economic, and social factors (i.e. the pillars of the Triple Bottom Line concept). Furthermore,
most current research has concentrated on identifying the factors that influence the port choice and evaluating
investment conditions in ports (Nguyen et al., 2022). In contrast, there is a shortage of studies related to port
performance and sustainability and how to improve them.

2.3. Research gaps and theoretical framework

While previous studies have shown a potential direct correlation between BDAC and organisational perfor-
mance, the mechanisms and conditions under which this correlation occurs have not been fully understood
(Fosso Wamba et al,, 2024; Orero-Blat et al., 2025). As seaports are vital links in the global supply chain, it is
critical to understand whether big data analytics capabilities lead to competitive performance advantages
and how these effects are generated (Raeesi et al., 2023). Meanwhile, although emerging digital technologies
have been widely applied in sustainable shipping practices, academic research in operations management
still lags significantly behind practical developments in exploring the relationship between big data analytics
and maritime sustainability (Pang et al., 2026). Moreover, prior research on the relationship between BDAC
and organisational performance has yielded conflicting conclusions because of a lack of empirical testing (Su
et al,, 2022). An organisation’s BDAC includes a range of competencies. These factors may include manage-
ment capabilities, organisational culture and technology capabilities. Although some companies recognise
the potential of big data analytics in both tangible and intangible data assets, they still face challenges in
integrating big data analytics into their strategic frameworks to improve performance (Raissi et al., 2025).
Bejjani and Vanhaverbeke (2025) also call for further research on how organisational resources and cap-
abilities can contribute to building big data-related capabilities and competitive advantages. As more
organisations begin to use big data analytics, proposing a DSS can help organisations understand their
BDAC and create implementation strategies. To address the above challenges and limitations, this paper
collects data from experts at different ports through a questionnaire that includes three major dimensions:
BDAC, PP, and PSP. The questionnaire enables the acquisition of data that are not explicitly available in firms’
databases. The data obtained from different experts are then aggregated for each port through FST, as
shown in Guo et al. (2021), and subsequently unsupervised machine learning is used to cluster data and
classify ports into different categories for BDAC, PP, and PSP. Specifically, K-Means is used since it is a very
popular tool for clustering and classification problems (Mengc et al., 2023; Su & Wu, 2023). The clustering
provides general results since many ports are considered in the analysis. Finally, the clustered and labelled
data are processed through a Decision Tree (DT) and Bayesian Network (BN). The DT provides a visual and
user-friendly DSS because of its interpretability (Jun & Lee, 2021). On the other hand, the BN is used to
conduct an inference analysis of the relationships between BDAC, PSP, and PP. Bayesian analysis allows
statistical inference based on real-world observations (Leoni & De Carlo, 2023). The preceding discussion is
summarised in Figure 1, which represents the conceptual framework, while the subsequent section provides
an in-depth description of each step.
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3. Developed methodology

The flowchart of the proposed methodology is reported by Figure 2.

3.1. Stage 1: data collection

First, a questionnaire related to BDAC, PSP and PP is developed (step 1). The questionnaire is based on
a fuzzy Likert scale, and answers are collected from different experts and different ports (step 2). The
Likert scale is an approach that converts qualitative values, usually expressed through a linguistic scale
(e.g. level of agreement), into quantitative ones. This allows more appropriate statistical analysis to be
conducted (Santino et al., 2022). Human judgements involve uncertainty, which increases in cases of
different or even conflicting answers (Pasman & Rogers, 2020). Within this context, fuzzy set theory can
assist practitioners in dealing with the subjectivity of the answers (Lazim & Wahab, 2010). Accordingly,
a fuzzy Likert scale can be employed to deal with the uncertainty arising from different judgements on
the same matter.

3.2. Stage 2: clustering

The judgements from different experts at the same port are aggregated through fuzzy set theory (step 3.1),
using the improved Similarity Aggregation Method (SAM) recently developed by Guo et al. (2021). The
improved SAM can consider both respondents’ credibility and the consensus among different respondents.
A brief description of the improved SAM is reported in Guo et al. (2021) and Jianxing et al. (2021). Next, one
sub-dimension is considered (step 4), and the observations are divided into three clusters identifying the
worst, medium and best clusters. This choice was made to maintain uniformity across dimensions and sub-
dimensions. Furthermore, the adoption of three clusters allows for ease of interpretation while avoiding
overly small or large clusters. The process is performed with K-Means (step 5). K-Means has become one of
the most popular clustering techniques in several fields (Huang et al., 2021), and it was chosen because of its
efficiency and ease of implementation. K-Means partitions different observations into different clusters by
minimising the squared error distance of each observation to the centre of the nearest cluster (Bai et al.,
2023). The process is iterated for each sub-dimension. Then, the first macro-dimension is selected (step 6),
and the observations are clustered into three clusters through K-Means (step 7). The process is iterated for
each macro-dimension.

The clusters are analysed by considering the mean values and standard deviations to determine the best,
medium, and worst clusters. Moreover, the differences are assessed through MANOVA using SPSS Statistics®
and through Permutational MANOVA (PERMANOVA) using the vegan library and the in-built adonis function
in R. Finally, post-hoc tests are conducted.
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Figure 2. Flowchart and steps of the proposed approach with relevant references.

3.3. Stage 3: draw insights and decision support system building

After the worst, medium and best clusters are identified for each macro-category (e.g. BDAC, PSP and
PP), the relationships among them are studied through a BN (step 8). The BN is a Directed Acyclic
Graph (DAG) that enables statistical inference and supports the decision-making process (Matthias
et al., 2017). For instance, given the best cluster for BDAC, the BN determines the conditional
probability of observing the worst, medium and best clusters for both PSP and PP.

Considering the identified clusters and root variables, a DT is built for BDAC, PSP and PP (step 9). The DT is
chosen due to its simplicity and interpretability (Zangaro et al., 2021). Indeed, thanks to its tree structure, it is
possible to visualise DTs through different graphical representations (Mrva et al., 2019), allowing for easy
practical use. This feature has attracted many researchers, who have used DTs to create user-friendly and
easy-to-visualise DSSs. For instance, Cantini et al. (2022) developed a DT-based DSS for supply chain design,
while a similar study was proposed by Arena et al. (2022) to guide predictive maintenance implementation.
Furthermore, the DT can be used for descriptive purposes to highlight the differences among groups as
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shown in Sgarbossa et al. (2021). Based on the previous statements, the developed DTs will allow each port
to assess its cluster for the three macro-dimensions, underlining its weaknesses and strengths. Thus, the DTs
can be considered a DSS.

4. Results: application of the methodology
4.1. Questionnaire development and data collection

This study uses a questionnaire-based survey as the primary data collection method. It develops item scales
to assess causal conditions based on previous studies. Table A1 describes all the scales and items, as well as
their respective sources. Respondents were asked to evaluate the questions based on a five-level fuzzy Likert
scale, shown in Table 1 (Martinez-Mendoza et al., 2020). Before large-scale data collection, a pilot study was
conducted to enhance the reliability and validity of the measurement scales (Kumar Sharma et al., 2024).
Initially, a group of five port experts and five scholars was recruited to assess the accuracy and consistency of
the survey. The group of port experts consisted of two high-level port executives and three information
technology managers who work for the ports of Shanghai, Rotterdam, Shenzhen, and Piraeus. The five
scholars specialise in the fields of Big Data and port management. They examined the definition of the
constructs and assessed the significance of each item in relation to its theoretical construct. Based on the
recommendations of port managers and scholars, we revised several questions and restructured the
guestionnaire to enhance clarity and facilitate respondents’ ability to provide answers. After the pilot
study, an email containing a link to the online survey was sent to port managers and IT department staff
in the world’s top 50 ports. The initially contacted port managers were encouraged to refer other port
managers in the field in order to increase the sample size and obtain further insights (Emerson, 2015). A total
of 207 questionnaires were collected. Of the 207 participants, 49 were excluded because they had insuffi-
cient experience with big data technologies or did not meet the criteria for the target ports. The final sample
consisted of 158 respondents from 40 different ports, with each port having between 1 and 20 respondents.
The variation in respondents per port was addressed during the data aggregation process through the SAM.
The SAM accounts for both the level of agreement among respondents and their expertise. In other words,
both the experience of the experts and the consistency across their judgements are considered. In this way,
ports with a larger number of respondents did not disproportionately influence the results. A higher number
of respondents reduces the influence of individual expert misjudgements. Nevertheless, since the experts
were required to have sufficient experience with big data technologies, even ports with few respondents can
be considered properly represented.

4.2. Cluster definition and development

First, a weight is assigned to each expert according to Table 2, based on age, service time, BDA working
experience, and education level. Subsequently, the judgements from different experts are aggregated
through the improved SAM described in Section 3.3 (step 3), adopting a relaxation factor equal to 0.5,
which is the most common value (Jianxing et al., 2021).

After the data are aggregated, the first sub-dimension (i.e. Organisational Learning) is considered (step 4).
Organisational Learning (OL) is composed of three items, which measure different aspects. Next, K-Means is
conducted through Matlab® (step 5), considering 1,000 iterations, the in-built K-Means++ method to define
the initial centroids, and the Euclidean distance, which is the most popular distance measure (Ghazal et al.,
2021). As previously mentioned, three clusters were considered for each sub-dimension. Indeed, since only

Table 1. Linguistic scale, Likert scale and fuzzy scale
adopted for the study.

Linguistic scale Likert Scale Fuzzy scale
Strongly disagree 1 0,1,2)
Disagree 2 (1,2,3)
Neutral 3 (2,3,4)
Agree 4 (3,4,5)
Strongly Agree 5 (4,5,5)
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Table 2. Considered categories and classifications for defining
experts’ weights.
Category Classification Score

Age =50 8
40-49
30-39
<30
Service Time =30
20-29
1019
69
<5
Big Data Working Experience >5
3-4
2-3
<2
Educational Level Postgraduate
Graduate
High School Diploma
Vocational Education

=)}

—_

NDOONDMOAONDAONNKOOND

40 ports responded to the questionnaire, it would have been problematic for some dimensions to cluster the
data using a higher number of clusters. Specifically, employing a high number of clusters could have resulted
in very small clusters (e.g. one or two observations) for many sub-dimensions, possibly leading to overly
similar clusters (Salvador & Chan, 2004). On the other hand, adopting too few clusters could lead to difficult-
to-interpret results (Binkin et al., 1992). Furthermore, even though clustering the data into four or more
clusters could have been possible for some sub-dimensions, using three clusters for all sub-dimensions allow
to have uniformity. The results of the K-Means clustering associated with OL are shown in Figure 3. Moreover,
the calculation produced a mean silhouette value of 0.399. In Figure 3, the blue dots represent the best ports
for OL (i.e. those associated with the highest means for OL1, OL2, and OL3). The orange dots represent ports
with medium performance, while the grey dots denote ports with poor performance (i.e. the worst for OL).

To assess the diversity of the identified clusters, both MANOVA and PERMANOVA are conducted.
PERMANOVA was required since the assumptions of MANOVA (e.g. multivariate normality) were not always
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Figure 3. Graphical representation of the clusters identified for organisational learning.
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met. PERMANOVA is a non-parametric multivariate test that is more robust than MANOVA because it is
distribution-free and accounts for unbalanced designs and heterogeneous dispersion (Anderson, 2014).
However, since differences in within-group dispersion could lead to misleading results (Anderson, 2001), the
differences among within-group dispersions are tested using the betadisper function.

Considering the OL’s clusters, the multivariate normality required by MANOVA was not met; however, the
Pillai’s trace is considered robust to the absence of this assumption. Moreover, the Box's test of equality of
covariance matrices was significant with a p-value equal to 0.119. Finally, the Levene’s test based on median
for the homogeneity of variances had a p-value greater than 0.1, proving the equality of variances.
Accordingly, MANOVA could be applied, and the calculation showed differences among the three clusters,
with a Pillai’s trace equal to 0.870 (p — value = 0.000), a Wilk’s Lambda value of 0.157 (p — value = 0.000),
and a Roy'’s largest root of 5.170 (p — value = 0.000). MANOVA assesses whether there is a difference
between two of the identified clusters; thus, it does not provide any information on which clusters are
and are not statistically different. To obtain this information, one-way ANOVAs with Scheffe’s post-hoc test
were performed, and the results were significant for each cluster and measurable item (p — value < 0.001).

Although the application of MANOVA could be considered valid for OL, this was not always verified for all
sub-dimensions. As an example, the results related to the PERMANOVA application for OL are briefly
illustrated. Specifically, F-ratio value of 42.876 (p — value < 0.001) emerged, highlighting the differences
among the clusters. Furthermore, the test on the homogeneity of within-group dispersion gave an appro-
priate result with a p — value = 0.165. Finally, Bonferroni’s post-hoc tests were conducted using the function
pairwiseAdonis (Martinez Arbizu, 2020). The calculation showed significant differences among all groups
with an adjustedp — value < 0.003.

Following the flowchart presented in Figure 1, the process is iterated for all sub-dimensions of
BDAC, PSP and PP. The results are shown in Table A2. The application of PERMANOVA showed that all
the identified clusters were different with a p — value < 0.001. Furthermore, the analysis of the homo-
geneity of within-group dispersion provided significant results with p — value > 0.05. Considering the
test, Customer Orientation (CO) is the only sub-dimension characterised by a p-value lower than 0.05
(p — value = 0.029). Finally, the Bonferroni’s post-hoc test resulted in significant differences with
adjustedp — value < 0.003 or adjustedp — value < 0.006 for all the sub-dimensions, except for Value-
added Service (VAS) (adjusted p — value <0.05).

After clustering all sub-dimensions, the first macro-dimension, i.e. BDAC, is considered (step 6). Next, the
macro-dimension is clustered through K-Means with the same parameters presented in the previous
paragraphs (step 7). Then, the process is iterated for the remaining macro-dimension (i.e. PSP and PP). To
perform this phase, the clusters identified for the sub-dimensions are associated with a value from 1 to 3,
with 1 and 3 denoting worst and best class respectively. The results are shown in Table A6. The results show
that few ports have poor performance for the three macro-dimensions. Indeed, the numbers of ports in the
worst clusters are 7, 9, and 6 for BDAC, PSP, and PP respectively. Furthermore, more ports belong to the best
clusters of PSP and PP than to the BDAC best cluster. PERMANOVA was performed to evaluate the differences
among the detected clusters of each macro-dimension. The results show that the F-Ratio of BDAC, PSP and
PP are 21.67, 42.92 and 26.40 respectively, all characterised by p — value < 0.001. Furthermore, the homo-
geneity of within-group dispersion analysis gave positive results for both BDAC and PP, with p — value > 0.1.
However, the homogeneity of within-group dispersion was not met for PSP (p — value = 0.002). Finally, the
Bonferroni’s post-hoc test resulted in adjustedp — value < 0.006, denoting the differences among the
identified clusters.

4.3. Decision support system development

A BN is built considering the clusters obtained for the macro-dimensions (step 8). Indeed, the BN, given
a certain an observation belonging to a certain cluster for the BDAC (best, medium, or worst), points out
the conditional probabilities for the other two macro-dimensions of being in one of the three identified
clusters. For instance, given a port that falls in the best performance cluster for BDAC, the BN determines
the probabilities of that port being in the worst, medium, and best clusters for PSP (or PP). The developed
BN and the related CPTs are shown in Figure 4. The results show that if a port has poor performance for
BDAC, it could still perform very well for PSP and PP. On the other hand, in the considered sample, no port
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Probability Cluster
BDAC
Worst | Medium | Best
0.17 10.6 0.23
CPT CPT
ClusterPSP ClusterPP
Parents Probability Parents Probability
ClusterBDAC | Worst | Medium | Best | | ClusterBDAC | Worst | Medium | Best
Worst 0.71 ]0.14 0.14 | |Worst 0.71 10.14 0.14
Medium 0.17 ]0.58 0.25 |[[Medium 0.04 [0.67 0.29
Best 0 0 1 Best 0 0.11 0.89

Figure 4. Developed BN and CPTs displaying the relationships between BDAC, PSP, and PP.

has excellent performance for BDAC and poor performance for PSP and PP. Indeed, all ports in the
excellent BDAC cluster are also in the excellent PSP and PP cluster. Only one port ends up in the medium
cluster for PP. The aforementioned considerations are identified through the following conditional
probabilities of the BN: P(ClusterPSP = Best|ClusterBDAC = Best) = 1, P(ClusterPP = Best|Cluster
BDAC = Best) = 0.89, P(ClusterPP = Medium|ClusterBDAC = Best) = 0.11, P(ClusterPSP = Bad|Cluster
BDAC = Best) = 0, P(ClusterPSP = Medium|ClusterBDAC = Best) = 0, P(ClusterPP = Bad|Cluster
BDAC = Best) = 0.

A DT is built for each macro-dimension, considering the measurable observations as inputs and the cluster
of the macro-dimension as the output (step 9). The training was conducted with 5-fold cross-validation,
considering a maximum split equal to 2 for readability purposes and to make the DTs easier and faster to use.
The calculation produced validation accuracies of 77.5%, 80%, and 70% for BDAC, PSP, and PP, respectively,
showing decent generalisability performance. The DTs are illustrated in Figure 5, which also shows the
accuracy of each leaf and the DT's overall accuracy estimated when the entire dataset is used as training data.
The DTs can be used as a DSS, since any port can determine its cluster for BDAC, PSP, and PP and accordingly
define the actions that should be undertaken to improve the weakest macro-dimension. It is worth
mentioning that the DTs could change slightly based on the extracted training set and the initial random
seed used for DT generation.

Considering the BDAC' DT, the overall accuracy was 92.5%, indeed only three ports were incorrectly classified.
Specifically, one port belonging to the worst cluster was classified as best because of its high value of MS1.
Moreover, two ports in the excellent cluster and one port in the worst category were classified as medium by the
DT. Considering the DT related to PSP, the overall accuracy was estimated at 90%, since four ports were
misclassified. To be more precise, two ports were assigned to the worst cluster by the DT, while their original
class was medium. Furthermore, one medium port and one worst port were incorrectly classified as excellent.
Finally, the overall accuracy of the PP's DT was 90% because four ports were assigned to the wrong cluster.
Specifically, two distinct ports originally identified as excellent ended up in the worst and medium clusters
respectively. Moreover, two different medium ports were incorrectly identified as worst and excellent respectively.
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Accuracy = 92.5% Cluster BDAC

MS1 < 4.04

Best

DDC1 < 3.55 DDC1>3.55 a=87.5%

Worst Medium
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Figure 5. DT-based DSS to evaluate port performance and accordingly making decisions.

5. Discussion

Considering the Bayesian analysis, the results suggest a positive association between BDAC cluster member-
ship and PSP/PP cluster membership in the sampled ports. Indeed, all the ports identified as the best ports
for BDAC were also identified as the best ports for PSP, and for PP, their performance was either medium or
best. This result is similar to the result of previous research (Akter et al., 2016; Dubey et al., 2019; Song et al.,
2017; Wamba & Akter, 2019), which report that strong BDAC can assist ports in improving both PSP and PP.
Being able to properly analyse available data is fundamental in many fields for pursuing greater perfor-
mance. Furthermore, ports with lower BDAC are more likely to have low performance in the other two
macro-dimensions. For instance, ports in the worst BDAC cluster have a 71% probability of also being
classified as worst for PSP and PP. This study provides evidence consistent with the importance of BDAC for
PSP and PP (Del Giudice et al., 2022; Jovic et al., 2019), thereby extending the empirical work of Mikalef et al.
(2020) and Jeble et al. (2018) to the port context. Nevertheless, some ports with poor BDAC still have decent
or high PP and PSP. It is reasonable to assume that aspects other than BDAC influence PP and PSP. For
instance, port size, national regulation, infrastructure maturity, digital capabilities, environmental compli-
ance pressure, and operational excellence practices may compensate for lower BDAC. These aspects are still
worthy of investigation.

Despite the previous considerations, a port with low BDAC performance could still perform well in terms
of PSP or PP. Indeed, as depicted in Figure 5, a port in the worst BDAC cluster has a probability of 14% of
being identified as best for PSP or PP. This finding agrees with Saunila et al. (2019), who showed that no
significant correlations were obtained between smart technology and social sustainability or between
smart technology and environmental sustainability. This means that BDAC alone is not sufficient to
improve the PSP and PP of ports. Another possible reason for this result might be related to the method.
Clustering is not a perfect or deterministic tool, and it strongly depends on the number of clusters selected
for the analysis. As a matter of fact, one port could be far from every cluster (e.g. it could be an outlier), but
it is still assigned to one of the clusters. Consequently, the port will share few similarities with the other
ports in that cluster.



12 (&) L LEONIETAL.

5.1. Decision support system and description of clusters

To fulfil the second objective of this work, a DT-based DSS is built by considering the clusters associated with
each port for each macro-category. The DTs shown in Figure 5 can be used by any port to evaluate its
performance compared with other ports and accordingly define which macro-category should be prioritised.
For instance, if a port has medium performance for BDAC and PP but is classified as poor for PSP, the port
should first work on PSP. To apply the decision trees (DTs), port managers must first evaluate their port's
performance using the variables listed in Appendix. Based on the values assigned to each variable, they can
then determine the class to which their port belongs for each macro-category defined by the DTs. Specifically,
each variable value determines the path followed through the tree, with different branches taken until a final
classification (leaf) is reached. For example, consider a port with the following values: MS1 =5, SQ1 =4, C1 =4,
ED2 =3, and ED3 = 4. According to the DTs shown in Figure 5, this port is classified as ‘best’ for BDAC. This is
because the right branch is selected at the first node, as the threshold condition MS1 > 4.04 is satisfied. The port
is also classified among the best for PP. At the first level of the DT, the right branch is taken because SQ2 > 3.99.
At the second level, the right branch is again selected because C1 = 3.755. Following the same procedure for
the DT for PSP, the port is classified as ‘medium’ in this category. Overall, this means that the port performs
strongly in BDAC and PP, but there is room for improvement in PSP.

The DTs also provide an overview of the differences among the distinct clusters, highlighting the variables
most strongly associated with the cluster classification of the macro-dimensions. Accordingly, the variables
reported on the DT branches are those that should be considered when improving the performance of a given
macro-category. Considering BDAC, the variables that ports should work on are MS1 and DDC1. MS1 refers to
managers’ ability to exploit Big Data-related activities to support other partners. Based on the results arising from
the DT, managers working in the best ports are usually more skilled in supporting other partners through Big Data
than managers in ports associated with medium BDAC. Strong management and data analytics skills can assist
managers in better analysing big data and forecasting future demands of other supply chain participants, thereby
improving service quality and organisational performance (Su et al., 2022). Strong management skills can also
ensure a higher level of coordination among the internal divisions of the port, resulting in a better perception and
reconfiguration of business processes (Li et al., 2022). Research obtained by Mikalef et al. (2020) and Majhi et al.
(2026) are consistent with this finding. Hence, as firms use sophisticated data analysis methodologies and embark
on big data initiatives, it is important for managers to have strong management skills and rich experience to
understand their operations and potential. DDC1 expresses the extent to which the port considers its data
a tangible asset. Accordingly, DDC1 can be regarded as the starting point of any data-driven organisation, since
the more data are considered as an asset, the greater their importance and the greater the effort directed towards
data analysis. In other words, it is a key aspect of organisational culture, which may positively or negatively
influence other dimensions. Indeed, as depicted by the DT, a DDC1 value lower than 3.55 identifies only the worst
ports. This finding also shows the importance of a data-driven culture in creating BDAC. The findings are in line
with earlier studies (Ciampi et al., 2021), which show that fostering a data-driven culture can dismantle organisa-
tional barriers, facilitate the integration of knowledge across departments, and enhance the use of data within
organisations Port managers are advised to make decisions based on data rather than relying on instinct when
operating within a data-driven culture.

Regarding PSP, the most relevant variable was ED2, which is related to the adoption of data analytics for
wastewater reduction. ED2 values higher than 3.96 are mainly associated with the best ports, which show
better performance than the worst and medium ports with regard to wastewater treatment. The finding of
Mahmud et al. (2024) is consistent with this result, pointing out that pollution control measures have the
greatest impact on green port management practices. One possible interpretation of this finding is that
seaports are often situated near residential communities or environmentally sensitive locations, and pollution
from wastewater affects both the environment and the public health (Molavi et al.,, 2020). The other relevant
variable is ED3, which represents the adoption of data analytics technology to reduce noise in port areas. This
factor is considered more in ports belonging to the medium cluster than in those associated with the worst
cluster (see the corresponding DT in Figure 5). This finding agrees with Puig and Darbra (2024), who indicated
that utilising innovative methods such as big data analytics to monitor noise pollution is crucial for mitigating
its impacts on surrounding ecosystems and communities. Noise produced by ports and their surrounding
activities affects the environment, the health of port workers and communities, and the image of the port.
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Monitoring and reducing noise levels could contribute to the growth and development of ports together with
cities and regions (Zain et al., 2022). Considering PP, the first and most relevant variable is SQ2, which refers to
the port’s ability to exploit data analytics to handle shipments in a timely manner. As shown by the DT in
Figure 5, the best ports generally have a greater ability to exploit Big Data to avoid shipment delays than
medium-performing ports. Attanasio et al. (2023) argued that an important reason for the digitisation of ports is
to reduce resource consumption, non-value-added operations, and idle time in order to increase transhipment
productivity and competitiveness. Ports need to respond quickly to customer requirements and avoid delays.
By leveraging Big Data technology, ports can capture and integrate a diverse range of customer data. By
analysing collected customers data, ports can gain a deeper understanding of customers’ expectations and
complaints, enabling them to make informed decisions and fulfil customer requirements promptly. Thus, SQ2 is
important and should be among the variables that a port works on to improve PP. The findings are in line with
earlier studies (Hsu et al., 2023; Melnyk et al., 2024), which show that adopting smart port technologies such as
big data analytics can improve port operations and customer satisfaction. The other relevant variable is C2,
which evaluates how much the port charges for intermodal transport compared with its competitors. The
results show that the worst ports usually charge more than the better categories, as denoted by the low values
of C2. With the integration of ports into supply chains, intermodal transport has become the backbone of
maritime containerised transport. Prior research has shown the significance of intermodal transport service
costs, emphasising that costs and time as crucial considerations in the selection of intermodal transport services
(Vural et al., 2020). Customers tend to choose the port that offers economically efficient intermodal transport
services (Lun et al., 2016). Ports can enhance communication with different transportation service providers and
improve service efficiency by building BDAC to deliver cargo to consumers using the most economical routes
(Vural et al., 2020). Thus, C2 is among the variables that a port should work on to improve PP. The last relevant
variable is C1, which assesses how much the port charges for cargo handling compared with its competitors. In
the face of increasing competition between ports, it has become imperative for them to operate with minimal
delay, optimal efficiency, and equitable pricing in order to attract customers’ attention (Fahim et al., 2022). Thus,
C1 is significant, and ports need to provide high-quality service and keep costs low to enhance PP. Considering
the PP’s DT, there are three ports that have high performance for SQ2 (higher than the medium cluster) but
perform poorly for C1. A possible justification for this classification could be related to the nature of the cost
variables. Indeed, the cost variables are characterised by a high correlation (>0.8). Accordingly, a low value of C1
usually corresponds to low values of C2 and C3. Based on this consideration, it can be assumed that the ports
that end up in the worst cluster may perform better than the medium ports with regard to SQ2, but they usually
have low performance related to the cost sub-dimension. That said, the third leaf of the PP’s DT could be
regarded as less reliable.

5.2. Comparison with linear regression

To evaluate the robustness of the proposed framework, the results are compared with those obtained from
linear regression.

For the linear regression analysis, eight different regression models (one for each variable of PSP and PP)
with seven independent variables (the sub-dimensions of BDAC) were implemented. The mean values of
each sub-dimension are considered for this approach as well. The results obtained from each regression
model are shown in Table 3, which reports the slopes of the regression models.

The result show that each sub-dimension of PSP and PP has at least one statistically significant positive
relationship (i.e. positive slope) with a sub-dimension of BDAC. Only ECD is characterised by weaker relation-
ships since the only influential sub-dimensions of BDAC are DDC and OL, both with a low significance level
(p — value < 0.15). Accordingly, it can be concluded that there is a certain degree of association between BDAC
and PSP/PP. This is similar to what is depicted by the other approaches (including the one proposed in this
paper). In addition, the regression models underline the importance of DDC since there are positive associa-
tions with one and four sub-dimensions of PSP and PP, respectively. Compared to the proposed framework,
linear regression is easier and more straightforward to implement. Moreover, it defines which sub-dimensions
of BDAC are positively associated with the sub-dimensions of PSP and PP. However, it does not highlight which
sub-dimensions are most important for BDAC, PSP, and PP. Thus, the regression models and the proposed
framework could be employed as complementary tools to acquire more in-depth knowledge.
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Table 3. Relationships among BDAC's dimensions, PSP, and PP’s dimensions.
Dependent variable

PSP dimension PP dimension
BDAC independent variable ED SD ECD C SQ OE VAS co
D —0.061 0.097 0.216 0.282 —-0.118 0.365* 0.129 —-0.230
T 0.056 —-0.045 0.057 0.193 0.505** -0.070 -0.013 0.051
BR 0.502** 0.082 -0.107 -0.236 0.441* —0.082 0.211* 0.020
TS 0.191 0.181 -0.036 0.026 -0.150 -0.077 0.404%*** 0.084
MS 0.019 0.012 0.114 0.058 0.223 0.079 0.080 0.156
DDC —-0.198 0.469** 0.319° 0.767*** 0.683** 0.361** —-0.098 0.512%**
oL 0.422* —0.093 0.331° —0.006 0.032 0.076 0.189 0.203
F for the regression 7.89%** 4.36** 6.46*** 11.71%** 2.47%* 7.77%%* 22.57%** 8.12%**
R%(%) 63.32 48.8 58.57 71.93 35.07 62.96 79.47 63.97

***p-value < 0.001, **p-value < 0.05, *p-value < 0.1, °p-value < 0.15.

6. Conclusion
6.1. Theoretical contributions

Within the context of port operations, this paper develops a framework for creating a DSS capable of
evaluating port performance based on the integration of expert judgements and ML. Second, this work
investigates the impact of BDAC on PSP and PP. To accomplish the first task, an extensive question-
naire based on a fuzzy Likert scale was proposed to different employees of 40 ports. The collected
answers were aggregated through an improved SAM, and subsequently the ports were clustered
through K-Means. The diversity among the clusters was evaluated through MANOVA and
PERMANOVA. Next, three DTs were developed based on the cluster associated with the macro-
dimensions of each port. The trained DTs serve two distinct purposes, since they are both a DSS for
guiding choices and descriptive tools that provide an overview of the identified clusters. To fulfil
the second task, a BN was built to study the possible association between BDAC and PSP/PP.

The main theoretical finding of this study is that there appears to be a relationship between the
BDAC level and port performance from both operational and sustainability perspectives. Indeed, the
ports that fall into the best cluster for BDAC are also associated with the best clusters for PSP and PP.
This finding echoes recent studies that call for investigating the impact of BDAC on ports (de la Pefa
Zarzuelo et al., 2020; Munim et al., 2020). Furthermore, the results show ports classified as worst for
BDAC are more likely to show low levels of PSP and PP. Hence, the study extends existing research
(Ciampi et al., 2021; Jha et al., 2020; Wamba & Akter, 2019; Yasmin et al., 2020) by using a K-means
approach to examine the association between BDAC and PP/PSP. Finally, the developed DTs provide
insights into which variables are associated with the cluster classification of ports with regard to BDAC,
PSP, and PP. Although recent studies suggest the importance of human resources and intangible
resources for developing BDAC (Jeble et al., 2018; Lozada et al., 2019; Mikalef et al., 2020), few
researchers have empirically investigated how to allocate organisational resources to develop greater
BDAC. This research fills this gap by developing a DT to identify the resources that a port should work
on to improve BDAC.

6.2. Managerial implications

Regarding managerial implications, the main outcome of this work is represented by the developed
DTs, which can aid ports in performing a preliminary analysis to identify their weakest macro-
dimension. Indeed, the DTs are built based on the clusters associated with each port. The DTs provide
an interpretable approximation of the cluster assignments and can serve as a preliminary diagnostic
tool. It is worth mentioning that the DTs should be used only as an initial tool to provide a broad
overview of port performance. In fact, a more in-depth analysis is required to understand where the
real weaknesses lie. However, the developed framework is general and could be employed to study
different sectors or fields.



JOURNAL OF DECISION SYSTEMS (&) 15

6.3. Limitations and future research

Among the limitations of the present work, the initial sample size of only 40 ports is worth mentioning.
Accordingly, it would be useful and interesting to extend the study to other ports. This could allow more
significant results and insights to be obtained. However, the process of sharing and explaining the ques-
tionnaire, along with receiving the answers, is very time-consuming. Furthermore, both K-Means and DTs
depend on the random seed set; accordingly, changing it could lead to slightly different results. Thus, it
would be useful to perform a sensitivity analysis on both the clustering and the DSS. Moreover, only one
clustering algorithm was considered, and no feature selection was performed. Therefore, it would be
interesting to perform a sensitivity analysis by varying the clustering and classification algorithms, along
with adopting a feature selection technique, such as Neighbourhood Component Analysis (Goldberger et al.,
2004), to evaluate whether higher accuracy could be obtained. Another relevant limitation is that only the
association between BDAC and PP/PSP was investigated, and it was found that some ports perform poorly
for BDAC but still have good PSP and PP. Consequently, it is reasonable to assume that other factors (e.g.
infrastructure maturity and environmental pressure) can positively impact PSP and PP. These factors may be
investigated in future studies. Finally, another limitation is that the variables of PSP and PP partly capture
analytics-enabled perceived performance. This creates a conceptual overlap with BDAC, potentially inflating
the positive association between BDAC and PP/PSP.
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Appendix

Table A1. Variable description

Construct Item Description

Big Data analytics capability (Ciampi et al.,  Data D1 We have access to huge, unstructured (or fast-moving) data for analysis.
2021; Gupta & George, 2016) D2  We integrate data from multiple internal sources into a data warehouse or

mart for easy access.
D3 We integrate external with internal data to facilitate high-value analysis of
our business environment.
Technology T1  We have adopted parallel computing approaches (e.g., Hadoop, Storm,
and Spark) to Big Data processing.
T2  We have adopted different data visualization software (e.g., Sisense,
Periscope Data, Tableau, Microsoft Power BI, and IBM Watson Analytics).
T3 We have adopted cloud services (e.g., IBM Cloud, Amazon Web Services,
Microsoft Azure, and Google Cloud) for processing data performing
analytics.
Basic BR1 We have allocated large funds for Big Data projects.
Resources BR2 We have enough time to achieve desired results from Big Data analytics
projects.
Technical Skills  TS1  We provide data analytics training to our own employees.
TS2  We hire new employees with data analytics skills.
TS3  Our analysts have appropriate data analytics skills to accomplish their jobs
successfully.
TS4  Our analysts have suitable education to fulfill their jobs.
Managerial MS1  Our analytics managers can coordinate Big Data-related activities to
Skills support other partners.
MS2  Our analytics managers can anticipate the future business needs of other
managers, suppliers, and customers.
MS3  Our analytics managers have a good sense of where to use Big Data.
MS4  Our analytics managers can interpret the resources obtained using
complex analyses and offer inputs that are useful for swift decision-
making.
Data-driven DDC1 We consider data a tangible asset.
Culture DDC2 We base our decisions on data only, not on instinct.
DDC3 We are willing to override our intuition when data contradict our
viewpoints.
DDC4 We continuously assess and improve business activities in response to
insights extracted from data.
Organisational ~ OL1 We actively search for new and relevant knowledge.
Learning OL2 We assimilate new and relevant knowledge.
OL3  We make concerted efforts to exploit existing competencies and explore
new knowledge.

Port sustainability (Dubey et al., 2019; Jeble Environmental ED1 Our port has adopted data analytics technology to reduce air emissions.
etal,, 2018; Lim et al., 2019; Oh et al, Dimension  ED2  Our port has adopted data analytics technology to reduce wasted water.
2018) ED3 Noise in our port areas has been reduced after using data analytics

technology.
ED4  Our port has adopted data analytics technology to reduce oil
consumption.
Social SD1  Our port has adopted data analytics technology to improve service quality.
Dimension SD2  The relationship between neighboring residents and our port authorities is
improving after building a smart port.
SD3  Staff security and safety have improved after building a smart port.
SD4  Our port provides support for employee training and education.
Economic ECD1 Our port offers more employment opportunities.
Dimension  ECD2  Our port authorities make multifunctional and efficient use of port areas
by data analytics technology.
ECD3 Our port authorities actively cooperate with industrial and economic
development by building a smart port.
ECD4 Our port is driving the economic development of the area surrounding the

port by developing data analytics technology.

(Continued)
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Construct Item Description
Port performance (Kim et al., 2016; Seo et al., Cost C1 By using data analytics technology, our port cargo handling charge is
2016; Tseng & Liao, 2015) lower than our major competitor.
C2 By using data analytics technology, our port charges for intermodal
transport are lower than our major competitor.
C3 By using data analytics technology, our port auxiliary service (pilotage,
towage, and customers) charge is lower than our major competitor.
Service Quality SQ1 By using data analytics technology, our port handles cargo at quoted or
anticipated times.
SQ2 By using data analytics technology, our port handles cargo promptly per
customer requirements.
SQ3 By using data analytics technology, our port’s service lead time is shorter
than our major competitors.
SQ4 By using data analytics technology, our port provides shipment
information accurately.
Operational OET By using data analytics technology, our terminal productivity is higher
Efficiency than our major competitor.
OE2 By using data analytics technology, port turn-around time is less (Ship
waiting time given congestion) than our major competitor.
OE3 By using data analytics technology, our time for transportation mode
transit is shorter than our major competitor.
Value-added VAS1 By using data analytics technology, our port can handle different types of
Service cargo.
VAS2 By using data analytics technology, our port has various services to
transfer cargo from one mode to another.
VAS3 By using data analytics technology, our port can convey cargo through
diversified routes or modes in the least possible time to the receiver.
VAS4 By using data analytics technology, our port can launch new tailored
services when necessary.
Customer CO1 By using data analytics technology, our port quickly makes decisions
Orientation regarding altering schedules, amending orders, and changing design
processes to meet customer demand.
CO2 By using data analytics technology, our port can provide individual port
services to our customers.
CO3 By using data analytics technology, our port’s response time for customer
complaints is faster than that of our major competitors.
CO4 By using data analytics technology, our port has smooth operational

processes for port users.
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Table A2. Mean value for each cluster of the considered sub-dimension.

Macro-dimension Sub-dimension Measurable dimension Best Medium Worst
BDAC Organisational Learning (OL) Number of ports 16 19 5
oL1 4.45 3.87 2.80
oL2 4.48 3.83 2.80
oL3 4.55 3.87 3.00
Technology (T) Number of ports 6 25 9
T1 4,62 3.81 3.13
T2 4.62 3.97 297
T3 4.65 3.96 2.67
Basic Resources (BR) Number of ports 13 17 10
BR1 439 3.70 2.60
BR2 4.48 3.40 2.61
Technical Skills (TS) Number of ports 14 21 5
TS1 4.27 3.50 2.10
TS2 430 347 2.10
TS3 441 3.45 2.10
TS4 4.41 3,57 2.50
Managerial Skills (MS) Number of ports 14 22 4
MS1 418 3.48 2.00
MS2 4.21 3.40 2.25
MS3 434 3.56 2.50
MS4 4.23 3.53 2.00
Data (D) Number of ports 6 25 9
D1 4.94 4.07 2.67
D2 475 3.93 3.00
D3 491 4.02 333
Data-driven Culture (DDC) Number of ports 17 18 5
DDC1 4.50 3.96 2.60
DDC2 4.52 3.71 3.40
DDC3 4.19 3.67 3.20
DDC4 471 3.80 3.00
PSP Environmental Dimension (ED) Number of ports 15 21 4
ED1 4.27 339 1.50
ED2 413 3.46 2.25
ED3 4.51 3.39 2.50
ED4 4.55 3.61 2.50
Social Dimension (SD) Number of ports 6 25 9
SD1 4.73 4.12 3.28
SD2 4.92 3.99 3.00
SD3 4.94 4.04 333
ED4 4,92 414 3.17
Economic Dimension (ECD) Number of ports 15 20 5
ECD1 4.58 3.79 2.80
ECD2 4.68 3.69 3.00
ECD3 443 3.94 2.80
ECD4 4.56 3.85 3.20
PP Cost (C) Number of ports 7 23 10
C1 4.87 3.92 3.1
(@) 473 3.94 3.06
a 4.73 3.98 3.05
Service Quality (SQ) Number of ports 17 15 8
SQ1 435 3.72 3.00
SQ2 434 3.65 331
SQ3 4.34 3.71 3.06
SQ4 4.55 3.94 3.00
Operational Efficiency (OE) Number of ports 20 15 5
OE1 424 3.70 2.80
OE2 4.27 3.65 3.00
OE3 4.09 3.57 3.00
Value-added Service (VAS) Number of ports 9 29 2
VAS1 442 345 2.00
VAS2 4.16 3.42 1.50
VAS3 436 3.45 2.00
VAS4 4.50 3.59 250
Customer Orientation (CO) Number of ports 15 18 7
CO1 4.44 3.80 3.00
C02 431 3.69 3.14
co3 415 3.83 3.00
Co4 448 3.85 3.14
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Table A3. Mean value for each cluster of the considered
macro-dimension.
Macro-dimension  Sub-dimension  Best Medium Worst

BDAC umber of ports 9 24 7
oL 3.00 2.25 143
T 2.56 1.88 1.29
BR 3.00 2.00 1.14
TS 2.89 2.21 143
MS 3.00 217 1.57
D 2.56 1.92 1.14
DDC 2.89 2.38 1.29
PSP Number of ports 16 15 9
ED 2.94 2.00 1.56
SD 2.38 2.00 1.00
ECD 2.75 2.20 1.44
PP Number of ports 16 18 6
C 2.44 1.78 1.00
SQ 2.88 1.83 1.67
OE 3.00 2.22 1.17
VAS 2.50 2.06 1.67

Cco 2.69 217 1.00
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