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Keywords: Persistent bottlenecks at container ports have significantly disrupted global supply chains,
Seaport necessitating more efficient operations at seaports to address yard density and port congestion. An
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untapped but potentially critical approach to mitigating these challenges is to leverage container
characteristics and machine learning to predict the out-terminals of containers upon their
discharge from vessels. The predicted results can then guide the development of a more effective
container storage strategy. To formulate such a strategy, this research developed a data-enabled
methodological framework that integrates four key components: 1) Utilization of structured and
unstructured data to enhance prediction accuracy. 2) Practice and knowledge-informed feature
engineering to construct relevant features for the machine learning models. 3) Explanatory ma-
chine learning based classification models to understand the factors influencing terminal pre-
dictions. 4) Model-induced cost analysis to capture the monetary value of the prediction model
including assessing the cost implications of misclassifications. An empirical study conducted at a
seaport shows that our framework yields cost savings ranging from 14.90% to 30.45% compared
to the Business-as-Usual scenario. Incorporating unstructured data as an additional feature in the
machine learning models improves prediction performance by up to 6%. Moreover, integrating
this framework into the existing operational system poses minimal risk and can be seamlessly
executed. Additionally, the proposed methodological framework and its four components has
broad applications beyond the shipping industry.

1. Introduction
1.1. Motivation

Container shipping carries over 50 % of world seaborne trade by value (Lee and Song 2017) with container ports serving as pivotal
connectors between seaborne and inland transport networks. However, increasing trade volume, disruptive events, and coordination
challenges among stakeholders frequently lead to port congestions, disrupting global supply chains (Watkins, 2021). To address this
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issue, several strategies can be employed including expanding port capacity, enhancing supply chain coordination and operational
efficiency. From the perspective of port or terminal operators, one of the most readily available approaches is to improve the oper-
ational efficiency, especially in yard management (Hu et al. 2021), quayside operations (Al-Dhaheri, et al., 2016), and intermodal
connectivity.

Effective yard management plays a crucial role in determining the efficiency of a seaport terminal (Caserta et al. 2020). Storage
yards can easily become bottlenecks as they serve as nodes connecting seaside vessels and landside trucks and trains. Specifically, in
yard management, assigning incoming containers to appropriate storage yards is a critical tactical decision, especially for multi-
terminal ports (Lee et al. 2012). This allocation lays the foundation for subsequent yard block management at operational level
and influences the costs and efficiencies of onward transport (Zhou et al. 2020).

After being discharged from vessels, imported containers are usually stored at storage yards for several days. Afterwards, they are
collected by inland shippers and transported using road or rail via one of the multiple out-terminals. An out-terminal for imported
containers at a seaport refers to the designated point (e.g., gate, rail terminal, or barge terminal) where containers exit the port area. A
single inland transport mode (road or rail) may have multiple out-terminals (e.g. multiple rail terminals), especially for large container
ports. The inland transport modes and specific out-terminals for collecting imported containers are typically unknown to port oper-
ators when the containers are discharged from vessels. The decision on when these containers will leave the port for inland destinations
and whether they will travel by road or rail is made by shippers rather than the terminal operators.

The absence of information regarding imported containers’ out-terminals can be attributed to the complexity of the container
shipping supply chain. In the context of international shipping, the buyer, seller, or their agent establishes a haulage contract with an
ocean carrier, outlining the specifics of shipment transportation. There are two types of haulage contracts—merchant haulage and
carrier haulage—which define the parties’ responsibility for arranging inland transport for import container collection. Under Mer-
chant Haulage Contract, a merchant (e.g., cargo owner, freight forwarder, or agent) arranges the inland transport of import containers.
The merchant has decision-making authority and determines the timing, mode of inland transport, and rail service for retrieving
containers from the port. These decisions are often made after the containers have been stored at the port to accommodate the high
uncertainty in international logistics. As a result, the out-terminal for import containers is often undetermined at the time of unloading
from vessels. In continental Europe, merchant haulage dominates the market, accounting for over 70 % of the market share (Wagener
2014; Van den Berg & De Langen 2015; Legros et al. 2019; Gumuskaya et al. 2020). Under Carrier Haulage Contract, ocean carriers are
responsible for coordinating inland transport and determining the next mode of transport. Ocean carriers often need to outsource
inland transport to local operators; however, specific operational details are typically excluded from their contracts. For instance, the
contracts may not specify which platform or siding a rail operator will use to deliver containers. Further, major container ports often
have multiple rail (or barge) out-terminals available. These factors make it difficult for ocean carriers to specify the exact out-terminal
for a given container in advance. As a result, the information about the exact out-terminal does not exist in either paper or electronic
form.

It makes practical sense that, logistics decisions related to when imported containers will be picked up and from which out-terminal
are made after the containers have been stored at the port to accommodate the high uncertainty in international logistics. This
phenomenon reflects delayed dynamic decision-making on out-terminals, driven by uncertainty and fragmentation in the container
transport chain (Song 2021a; Song 2021b).

This phenomenon resembles that faced by air passengers who remain unaware of their flight gates upon arrival at the airport. Flight
gate information is typically announced within 30 min of the flight departure time. Similarly, rail stations (e.g. Euston Rail station and
Kings Cross station in London) announce train platforms approximately 10 min before the train departure time. In our case, the specific
out-terminal through which individual containers will pass remains unknown upon unloading from vessels. Cargo owners or their
agents gradually reveal this information near the time of pickup. Currently, the industrial practice in container ports is to stack dis-
charged containers in storage yards without considering their out-terminals (van Marle 2022).

Therefore, an untapped but potentially critical approach to improving yard management is to predict the out-terminals of con-
tainers upon their discharge from vessels so that they could be stacked in storage yards that are close to their out-terminals in the first
place. Several benefits can be realised: (i) Reducing “rail misses”. Rail misses refer to the cases that imported containers miss the rail

Table 1
A sample list of seaports with multiple rail out-terminals.
Seaports Number of rail out-terminals
Felixstowe (UK) 3 (North, South and Central)
Southampton (UK) 2 (Maritime Terminal, Solent Rail Terminal)
Rotterdam (Netherlands) 9 (9 out of 14 container terminals have rail facilities)
Antwerp (Belgium) 6 (6 container terminals all have rail facilities)
Hamburg (Germany) 4 (4 container terminals all have rail facilities)
Valencia (Spain) 2 (2 out of 3 container terminals have rail facilities)
Bremerhaven (Germany) 2 (2 out of 3 container terminals have rail facilities; One rail terminal serves destinations throughout Germany and Hungary; the
other rail terminal serves Italy and across the Alps to central Europe)
Los Angeles (US) 5 on-dock railyards and one near-dock railyard
Long Beach (US) 5 (5 out of 6 container terminals are built with on-dock rail yards)
New York and New Jersey 4 rail terminals (Elizabeth, Newark, Jersey and Staten Island)
us)
Savannah (US) 2 on-dock railyards (Chatham Intermodal Container Transfer Facility and Mason Mega Rail)




Y. Xie et al. Transportation Research Part E 202 (2025) 104331

services that operate on fixed departure schedules. Rail misses are costly because they not only underutilise rail service capacity but
also disrupt shippers and their customers. Rail misses are particularly problematic in container terminals with multiple rail terminals
and wide storage yards. (ii) Minimising unproductive movements. By strategically placing containers near their out-terminals, we can
reduce unproductive container reshuffles, internal vehicle movements, and yard crane movements. These factors significantly impact
yard efficiency.

1.2. Aim and challenges

This study aims to predict the out-terminals of imported containers upon discharge from vessels and develop easy-to-implement
container storage strategies to enhance terminal operations efficiency. Although the out-terminals of imported containers are un-
certain, they are not entirely random. We propose a data-enabled approach that leverages machine learning to learn the pattern of out-
terminal allocation. By translating these findings into actionable knowledge, we can create effective easy-to-implement strategies.

The problem encounters several challenges. Firstly, accurately predicting the out-terminals of imported containers poses a sig-
nificant hurdle. In practice, large container seaports globally often have multiple rail terminals, as summarised in Table 1. The in-
formation of the inland transport mode (if known to the port operator in rare cases or obtained by prediction) does not imply the out-
terminals of the imported containers especially if the port has multiple rail out-terminals.

Container ports have accumulated extensive operational and empirical data from systems like the Terminal Operating System
(TOS). The first question arises: how can the data available to a port, including both structured data and unstructured data, be used to
predict the out-terminals of imported containers? Although there may not be a direct causal relationship between container attributes
and their out-terminals, a possible association is believed to exist. For instance, the case study carried out in the research involving a
port in West Europe revealed potential dependencies between container cargo contents and the preferred mode of inland transport.
Another empirical example demonstrated that imported containers with heavy and dense freight (such as furniture and home ap-
pliances) tended to use rail services in New York-New Jersey ports (Freightwaves, 2023). In addition, in the context of the Port of
Bremerhaven, which has three container terminals and two rail terminals, one rail terminal facilitates shipments to Germany and
Hungary, while the other serves regions in Italy and central Europe via the Alps (Eurogate, 2023). This scenario implies the choice of
rail out-terminals is correlated with container destinations. Therefore, the second question emerges: how can we identify the crucial
features among all available variables and enhance the interpretability of the developed predictive model, including feature
contributions.

Secondly, how the results via machine learning can be turned into actionable knowledge and easy-to-implement strategy for
container storage? Given the conservative and risk-averse nature of the maritime industry (Song 2021b; Chen and Shen 2022), it is
essential to deploy the model and knowledge with minimal disruption to the existing operations. Ports are extremely cautious when
deploying new solutions in fear of the potential disruption. For example, when the Port of Felixstowe introduced the Hutchison Ports’
modular terminal-management platform ‘nGen’ to replace the old TOS in 2018, it caused severe delays. Truck drivers experienced
tailbacks of up to 16 h (Port Technology, 2018).

Thirdly, can we quantify the impact of the data-enabled predictive model on port operations? Predicting out-terminals of imported
containers upon unloading from vessels is a novel research area with no practical applications. To convince the port industry to
implement predictive models, we need to validate the predictive models and evaluate the potential costs induced by prediction errors.
No prediction model can achieve 100 % accuracy, so misclassifications costs (i.e. predict the imported containers’ out-terminal
incorrectly) must be explicitly evaluated.

1.3. Contributions of the paper

Our paper makes three primary contributions. First, we are the first to demonstrate the feasibility of developing a data-enabled
predictive model for containers’ out-terminals upon their discharge from vessels. This untapped area could lead to critical strate-
gies for improving operational efficiency at seaports and addressing port congestion challenges. As a result, this study could open a new
avenue to tackle port inefficiency and congestion problems by integrating the out-terminal predictive models with other operational
decisions such as quayside, yard and landside resource allocation and scheduling. Second, this study develops a novel methodological
framework that integrates four key components: utilising both structured and unstructured data; practice and knowledge-informed
feature engineering; explanatory machine learning-based classification models; and model-induced cost analysis. Incorporating un-
structured data into machine learning models improves prediction performance. The framework identifies the pivotal factors affecting
out-terminal assignments, which can empower ports to invest wisely in areas that yield the greatest improvements in prediction ac-
curacy. These important factors can also be integrated with the port’s existing rules to further enhance container storage. Furthermore,
the proposed methodological framework has broad applications beyond the port industry. Third, we design an easy-to-implement
strategy to deploy our predictive model in practice, providing step-by-step guidance on container movement and storage. The
empirical study conducted at the seaport shows that the predictive model can yield cost savings ranging from 14.90 % to 30.45 %
compared to the Business-as-Usual scenario. Integrating the developed predictive model into the existing operational system of port
poses very low risk and can be seamlessly executed.

The rest of the paper is organised as follows. Section 2 reviews relevant literature and identifies the research gaps. Section 3 outlines
the problem in a real business context, discusses empirical data and constructs various business scenarios. Section 4 illustrates the
methodological framework for addressing research questions. Section 5 applies machine learning-based models to predict out-
terminals. Section 6 interprets these models by quantifying feature contributions. Section 7 analyses the benefits based on the
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prediction outcomes, including the misclassification costs. Section 8 discusses the deployment and generalisability of the methodo-
logical framework and articulates research and managerial contributions. Section 9 concludes the study and offers direction for future
research.

2. Literature review

In this section, we review two streams of relevant research: one involving the application of predictive machine learning at
container ports/terminals and the other concerning the flow and storage of imported containers at yards.

2.1. Predictive machine learning models developed for container ports

The data-enabled approach has enabled port/terminal operators to utilize their data to extract actionable knowledge for better
operations and services. Predictive machine learning models have been developed to forecast container throughput at ports (see Filom
et al. 2022) and to assist landside and seaside operations (Jahangard et al. 2025).

Landside operations: Machine learning models for landside operations can be broadly classified into models assisting with yard
planning and those predicting terminal traffic flows. In yard planning, container dwell time prediction appears to be one of the most
prominent research topics. Using Naive Bayes, decision tree and the hybrid model of Naive Baye-decision tree, Moini et al. (2012)
estimated container dwell time using several factors, including container status (empty or full), container type and size, truck carrier,
ocean carrier, vessel name and arrival and departure time. They also measured how changes in these factors impact dwell time, yard
capacity and terminal revenue. Kourounioti et al. (2016) applied neural network to predict container dwell times. The results
demonstrated that the day and month of discharge, the port of origin and container type and size are determinants of import container
dwell time. In addition to dwell time, Kang et al. (2006a, 2006b) applied decision tree models to estimate container weights and to
derive stacking strategies. Terminal traffic flows affect scheduling and routing of equipment such as trucks and yard cranes. Huynh and
Hutson (2008) applied a decision tree technique to identify the key factors causing delays to external trucks at container terminals. Li
et al. (2022) proposed a hybrid model combining gated recurrent units and fully connected neural network to predict truck arrival
times, incorporating variables like weather, weekday, ship arrival, and departure times.

Seaside operations: Vessel navigation, berthing and unberthing affect subsequent landside operations and their efficiency. Machine
learning models have been constructed to estimate vessel arrival time (Yu et al. 2018; Abdi and Amrit 2024), vessel berthing time
(Bakar et al. 2022), and vessel detention duration (Yang et al. 2023). Abdi and Amrit (2024) combined conventional neural networks,
long short-term memory, and an attention mechanism while integrating Automatic Identification System data, vessel information, and
weather conditions to enhance vessel arrival time prediction. Bakar et al. (2022) used multiple machine learning algorithms to predict
ship berthing times and estimate cold ironing power consumption. Neural networks delivered the best performance, utilising input
features such as arrival time, ship type, ship size, operation mode, and ship capacity. Yang et al. (2023) introduced a novel machine
learning model to help ports estimating ship detention durations and reducing substandard vessels. The model utilizes an improved
tree Augmented Naive learning approach combined with a maximum posteriori probability Expectation Maximisation method. It
serves as a tool to predict ship detention durations and identifies key risk factors and deficiencies contributing to prolonged detentions.

Integration of machine learning with prescriptive models: Beyond predictions, machine learning models have been integrated with
prescriptive models to improve yard management. For instance, Maldonado et al. (2019) addressed the yard stacking problem via a
two-step strategy. They predicted dwell time for each container using a Random Forest classification model. The prediction was then
used as an input for a mathematical programming that minimises container rehandles heuristically. Zhang et al. (2020) integrated
machine learning techniques with a branch-and-bound algorithm to address the container relocation problem at seaport terminals,
demonstrating the superiority of the proposed algorithm against the existing algorithms.

Despite the proven use of machine learning models in improving port operations, no studies have focused on predicting out-
terminals for containers.

2.2. Flow and storage of imported containers at shipping yards

The process of moving and storing containers to storage yards has been studied at different levels according to the storage space
unit considered, including yard section, block, sub-block, bay, and slot (Jin et al. 2016).

At the bay and slot level, a specific location within a block is selected to store a container, with key criteria focusing on minimising
container relocations, truck waiting time and yard crane movements (e.g., Yu and Qi, 2013; Maldonado et al. 2019; Feng et al., 2022b).

At the yard section, block, and sub-block allocation level, the flow directions/destinations of handling containers are critical for
space allocation decisions, as they directly influence moving distances. At this level, key factors to be considered include the travel
distances between the storage yard and quayside, yard crane workloads, block space availability, and yard density across yard area.

For yard space allocation at the block and sub-block level for import containers, several studies have considered multiple objectives
to coordinate performances of various terminal resources (e.g., Zhang et al. 2003; Guldogan, 2011; Sharif and Huynh, 2013; He et al.
2022). Some research has specifically evaluated performance based on travel distance from block to gate. For instance, Rekik et al.
(2018) incorporated block-to-gate distance and stack-to-gate distances into a weighted sum of four criteria to assess storage position
efficiency, but they focused solely on the gate out-mode. In addition, a recent study on block allocation for inbound, outbound and
transshipment containers (Feng et al., 2022a) considered multiple factors, including truck travel times from-ship-to-block and block-
to-gate, as well as yard crane waiting and service times. However, none of the existing studies considered multiple out-modes or



Y. Xie et al. Transportation Research Part E 202 (2025) 104331

multiple out-terminals.

At the yard section level, storage space is allocated to a broader area, where a yard section comprises several neighbouring yard
blocks. Research at this level has primarily focused on managing transshipment container flows, with the main objective being to
minimise total moving distances and costs between the quayside and the yard (Lee et al. 2012; Lee and Jin, 2013). Especially, Lee and
Jin (2013) examined terminal allocation for vessels and yard allocation and reallocation to manage inter-terminal and intra-terminal
container flows. Their study considered the duration-of-stay of transshipment containers at a multi-terminal transshipment port to
minimise handling costs incurred by reallocation. On the one hand, to speed up vessel loading, containers stored far from the berthing
position of the outbound vessel must be moved closer to within the same terminal before loading, incurring intra-terminal handling
cost. On the other hand, at a multiple-terminal transshipment port, containers often need to be moved between terminals due to
mismatches in inbound and outbound vessel terminals, causing inter-terminal handling cost. A recent study explored block allocation
for transshipment containers, treating future berth locations of loading vessels as known parameters (Abouelrous et al. 2025). Their
goal was to balance discharge and loading times without significantly delaying either operation.

It is worth noting that the out-terminals for transshipment containers, which are seaport terminals, are determined by the visiting
terminals and berthing positions of their outbound vessels. This information (Abouelrous et al. 2025) is either predefined, or can be
determined by the terminal operators (Lee et al., 2012; Lee and Jin, 2013). In contrast, import containers have out-terminals such as
gates or rail terminals, which remain unknown at the time of vessel discharge and are beyond the control of terminal operators.

The literature review highlights the importance of out-terminal information in container flow and storage management. However,
no prior research has incorporated such information into the management of import containers at ports with multi-out-terminals. Since
out-terminal information does not exist when import containers are unloaded, we propose a data-enabled approach to build a pre-
dictive model. The knowledge generated from the predictive model can then be utilized by port operators to improve yard space
allocation by placing import containers close to their out-terminals. Given that most large-scale container ports around the world offer
multiple out-modes and multiple rail out-terminals (see Table 1), accurately predicting these out-terminals is crucial for optimising
yard operations and reducing port congestion. Furthermore, as the focus on transport decarbonisation grows, rail and barge container
movements are expected to gain a higher market share in the coming years.

3. Problem description, empirical data and scenario modelling
3.1. Problem description in case context

Motivated by a Western European seaport, referred to as Port A, the problem is to predict out-terminals for imported containers
using a substantial set of container attributes that are available when containers are discharged from vessels. Fig. 1 shows the sche-
matic terminal map at Port A, illustrating two haulier out-terminals and two rail out-terminals linked to two storage yards. Haulier out-
terminal HO and rail out-terminal RO are located close to Yard 0, while out-terminals H1 and R1 are near Yard 1. The maritime
quayside, where vessels dock and containers are discharged, is located near Yard 0. Yard 1 is situated further away from the maritime
quayside. In the current practice, discharged containers are primarily stored in a yard based on their proximity to the quayside berth
location and yard density without considering the future out-terminals of individual containers.

Storage | \ | Storage
~ [Yard 1 Yard 0 |

Maritime Quayside

<:> Container discharge/load  RO: Rail out-terminal HO: Haulier out-terminal

R1: Rail out-terminal H1: Haulier out-terminal

Fig. 1. The geographic location of the out-terminals in the case port.



Y. Xie et al. Transportation Research Part E 202 (2025) 104331

3.2. Empirical data

Table Al in the Appendix displays a sample of imported container dataset, encompassing their attributes, actual out-terminal
(column out terminal), actual out-mode (column out mode), and randomly assigned storage yards (column terminal id). Detailed def-
initions of container attributes are provided in Table 2 (also refer to Table A2 in the Appendix).

3.3. Scenario modelling

Based on the input from the operations team of Port A, we defined their current practices as the Business-as-Usual scenario. Fig. 2
illustrates container movements between yards and out-terminals, with notations for these movements detailed in Table 3. In Fig. 2,
the arrows along with the corresponding notations, such as Do and Dy, denote the actual number of containers transported from the
quayside and stored at Yard 0 and Yard 1, respectively. Notations of D}, Dh,, and so on., represent the actual number of containers
moved from yards to corresponding haulier or rail out-terminals.

Under the Business-as-Usual scenario, without container information on inland transportation mode and associated out-terminal,
70 % of the discharged containers are randomly selected and stored in the nearest Yard 0, noted as Dgyo. The remaining 30 % of
containers, also considered as randomly assigned, are transported to and stored at Yard 1, denoted as Dy;. The 70:30 split is mainly
determined by the yard density and resource allocation across the container terminals. Depending on the transportation mode chosen
by their owners, containers can be retrieved from one of the two haulier out-terminals HO and H1, or collected by rail from one of the
two rail terminals, RO or R1. The determination of haulier out-terminal lies with the terminal operator, whereas the choice of rail out-
terminal rests with the rail operator. That implies two key points: (i) haulier containers are generally picked up from the haulier out-
terminal situated close to their storage yard; and (ii) rail containers must be retrieved from the rail out-terminal designated by the rail
operator. Ideally, rail containers are stored near the intended rail out-terminal, but they may be placed in a distant yard, requiring

Table 2
Features of containers and feature selection process.
Features Notes Values and counts Filter Boruta Selected
methods algorithm features

1. cntr_height_in_feet container height {4.25,6, 8,9, 9.5, 9.54}, 6 v v v
unique values

2. cntr_length_in feet container length {20, 30, 40, 45}, 4 unique v v v
values

3. cntr_width_in_feet container width {8, 8.16} 8: 601713, 8.16: x x x
80

4. full_ empty_indr container is full or empty {F, E} F(Full), E(Empty), 2 x x x
unique values

5. owner owner of the container Z=1[0,1,...,20], 21 owners v v v

6. SOA SOA, owner of the vessel Z=1[[0,1,.,13],14codes % x x

7. service_code service code Z=10,1,...,9], 10 service v v v
codes

8. voyid_vessel_code vessel code Z = [0, 105], 106 codes v v v

9. voyid_voyage_code voyage code [68444, 71025,..., 85636], v v v
219 codes

10. origin_port original port [0, 1, ..., 151], 152 port v v v
names

11. load_port loading port [0, 1, ..., 391, 40 port v v v
names

12. gross_weight_documented container gross weight in kg [1950, 2228, ..., 457601, v v v
28595values

13. act_out_owner actual owner of the container [0, 1, 2, ..., 20], 21 owner v v v
values

14. gross_weight_measured_yc container gross weight [0, 3600, ..., 301001, 86 x x x
values,

15. gross_weight measured wb  information of container gross weight [-1, 0] 2 values v x x

automatically generated by the database

16. general_cargo_content container content 98,271 types of content v v x

17. reefer refrigerated container {0, 1}, 0 = not refrigerated, v v v
1 = refrigerated

18. out_of gauge oversized container {0, 1}, 0 = regular size, 1 x x x
= oversize

19. dangerous dangerous content {0, 1}, 0 = not dangerous, v v v
1 = dangerous

20. cms_no container number 502,852 individual v v v
numbers

21. SITC* SITC* classification of container content [1, 2, ...,2970], 2970 v

classes of content

" Standard International Trade Classification
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Haulier out-terminal HO

OF
Rail out-terminal RO
_ b Maritime
Quayside
Haulier out-terminal H1
0y
Yard 1 Rail out-terminal R1
A random selection of D,; number of
containers
Fig. 2. Container movements under the Business-as-Usual scenario.
Table 3
Container movement notations.
Notations Descriptions
D the total number of containers unloaded at maritime quayside
Dyo the number of containers moved from maritime quayside and stored at Yard 0
Do1 the number of containers moved from maritime quayside and stored at Yard 1
Dgo the number of containers moved from Yard 0 to haulier out-terminal HO
Diy, the number of containers moved from Yard O to rail out-terminal RO
Dy, the number of containers moved from Yard 0 to rail out-terminal R1
Dgl the number of containers moved from Yard O to haulier out-terminal H1
D’fo the number of containers moved from Yard 1 to haulier out-terminal HO
D, the number of containers moved from Yard 1 to rail out-terminal RO
Di, the number of containers moved from Yard 1 to rail out-terminal R1
Dy the number of containers moved from Yard 1 to haulier out-terminal H1

transportation over longer distances. For example, if rail containers discharged at the maritime quayside are misplaced in Yard 1 but
are supposed to be collected from rail out-terminal RO, moving these containers from Yard 1 to RO would incur cross-yard trans-
portation costs.

Although the terminal operator decides on the haulier out-terminals for imported containers once informed about the road mode of
inland transport, cross-yard transportation of haulier containers still occur in current practices at Port A. In 2020, approximately 0.2 %
of imported containers initially stored at Yard 1 were later moved to HO and picked up by the haulier. Conversely, nearly 2 % of
imported containers initially stored at Yard 0, were transported to H1 and collected by the haulier. This unnecessary behaviour may be
attributed to road hauliers mistakenly accessing the port via incorrect gates, leading to cross-yard transportation for haulier containers.
We will later show that eliminating cross-yard transportation for haulier containers would result in approximately a 1 % cost-savings
(as detailed at the end of Section 7.1).

These current practices have imposed two direct challenges on the port operations: 1) The substantial distance between the two
storage yards and cross-yard movements increase the chances of missing rail services with fixed departure schedules, commonly
referred to as “rail misses”. 2) Complicated container yard management arises from unproductive container reshuffles, internal vehicle
movements, and yard crane movements. Classifying containers by out-terminals and ideally storing containers near their designated
out-terminals upon discharge from vessels can reduce unproductive crane movements and vehicle travel. This strategy improves yard
management efficiency and streamlines the internal movement of the discharged containers.

Predicting the target out-terminals of imported containers was formulated as a traditional multiclass classification task, where each
out-terminal was treated as a class label. The dataset of 668,080 imported containers recorded in the year of 2020 was retrieved from

Table 4
Characteristics of datasets.
Dataset Number of containers per class
Raw dataset 668,080 Haulier: 492,500, including HO: 339,600, H1: 152,900
Rail: 175,580, including RO: 36,293, R1: 139,287
Pre-processed dataset 628,114 Haulier: 460,985, including HO: 317,892 H1: 143,093
Rail: 167,129, including RO: 34,272 and R1: 132,857
Dataset with SITC classification similarity over 0: 627,886 Haulier: 460,832, including HO: 317,784, H1: 143,048

Rail: 167,054, RO: 34,253, R1: 132,801
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the TOS at Port A. As shown in Table 2, container features are in both structured and unstructured formats. The structured features
represent container size, weight, origin port, shipping line, owner, and out-terminal, while the unstructured data, presented in text
format, describes over 98,000 types of container content.

The data science team at the port advised that nearly 70 % of containers are transported by road, whereas the rest 30 % are moved
by rail. This is evidenced in the raw dataset that contains 492,500 haulier observations, and 175,580 rail observations (see Table 4).
Among the rail containers, there were 139,287 containers collected from R1 and 36,293 collected from RO. Since the terminal operator
can choose the haulier out-terminals, the predictive task is essentially to classify the imported containers into three classes, H (haulier),
RO, and R1. However, the imbalance of data objects among the out-terminals poses a challenge for predictive classification, as most
machine learning algorithms perform optimally on data with an equal distribution of classes. The abundance of data from the majority
class can hinder machine learning models’ ability to effectively learn the characteristics of the minority class and differentiate it from
the majority class.

4. The methodological framework

A methodological framework is proposed in Fig. 3 to address the research challenges. While businesses have traditionally relied on
structured data, typically stored in formatted relational databases as numerical and categorical data, the effective utilisation of un-
structured data, such as text, audio, and video files, can offer a competitive advantage (Harbert 2021). In the following subsections, the
key steps and activities outlined in Fig. 3 are discussed in detail.

4.1. Pre-processing structured and unstructured data

We pre-processed the raw data by eliminating rows with missing, meaningless, and repeated data, and by removing features that
contain repeated information or non-valuable information. For example, features like cntr id and bill of lading no possess high cardi-
nality, assigning a unique ID number to each container. Another feature, cntr status, takes a single value for all the containers and
carries zero-variance. These features were deemed non-contributory to the training of the machine learning models and were
consequently excluded from consideration. The data pre-processing steps eliminated 39,966 rows of container data, resulting in a
dataset comprising 628,114 individual container records (see Table 4). After cross checking the two sources of information, a total of
628,089 containers with both berthing terminal and storage yard information were retained in the dataset. Following the classification
of container content using Standard International Trading Classification (SITC) codes through feature engineering (as detailed in
Section 4.3), an additional 203 containers were removed due to meaningless container entries (for example, entries of telephone
numbers), leading to a training and testing dataset containing 627,886 containers. Our attempts to rectify the container data imbalance
by oversampling the minority class and undersampling the majority class (Fernandez et al., 2018) failed to show appreciable
improvement in classification outcomes. Consequently, we opted not to pursue further corrective action to balance the dataset. In
subsequent research, we have conducted threshold tuning to investigate different probability thresholds in classification models and
determine the one that maximizes precision and recall while addressing class imbalances. But this is beyond the scope of this research.

Structured data Unstructured data
e Numerical data e Documentation
o Categorical data o Text description

Feature selection Feature engineering
e Hybrid method ¢ Reduce feature dimensions
o Filter e Integrate unsupervised learning and classification
e Wrapper e Word embedding by GloVe

¢ Evaluate classification performance

Container out-terminal prediction and interpretability
¢ Development of predictive classification models
e Evaluating performances of predictive classification models
e Feature contribution to prediction by SHAP analysis

Cost and benefit analysis of predictive models
e Evaluate the costs of misclassifications in predictive models
e Quantify the benefits compared with the Business-as-Usual scenario

Fig. 3. Methodological framework for container out-terminal prediction.
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4.2. Feature selection of structured data

Feature selection reduces computation time in training machine learning models, reduces overfitting risks, enhances precision
accuracy by selecting critical features and eliminating redundant and irrelevant ones, and improves model interpretability. Without
feature selection, the training time using the same dataset is 25 % higher. Furthermore, if the feature selection step is omitted, it would
lead to the inclusion of redundant features with many missing values or irrelevant information. This inclusion can result in failures
during machine learning model training.

In this section, features that highly differentiate among prediction outcomes and contribute to the reduction of prediction errors are
selected (Ghaddar and Naoum-Sawaya, 2018). Two types of methods were employed for feature selection: filter methods and wrapper
methods (Chandrashekar et al. 2014). Commonly used filter methods are Pearson’s correlation coefficient, ANOVA correlation co-
efficient, Kendall’s rank coefficient, and Chi-squared tests. In wrapper methods, supervised learning algorithms are iteratively fitted to
extract correlations and dependencies between the features and exclude less significant features. Wrapper methods encompass
techniques such as forward selection, backward elimination, Boruta algorithm, and Recursive Feature Elimination. Filter methods
operate independently of classification algorithms, and they are computationally efficient, whereas wrapper methods are computa-
tionally effective (Chen et al. 2020). Wrapper methods excel in identifying the best subset of features, potentially leading to improved
classification outcomes (Hsu et al. 2011). However, in the wrapper methods, the selected features can be influenced by the classifiers
used for prediction. As both methodologies exhibit unique advantages and different shortcomings, a hybrid feature selection method is
adopted in this research by combining the filter and wrapper methods (see Section A2 in Appendix).

As a result, a total of 14 features out of the initial set of 20 features were retained, denoted by a “v”” symbol present in both the
“Filter methods” column and the “Boruta algorithm” column in Table 2. The feature of ‘general cargo_content’ was replaced by ‘SITC’
(see section 4.3). Port A is an import port, with 99.8 % of imported containers being full, which means the feature of “full empty_indr”
carries almost zero variance and is deemed as unimportant in the process of feature selection.

4.3. Feature engineering of unstructured data

The unstructured data, denoted as “general cargo_content,” represents 98,271 unique container content names. High dimensionality
in data can significantly affect machine learning performance, a challenge referred to as the “curse of dimensionality” (Aremu et al.,
2020). To mitigate this issue, we performed feature engineering by transforming the original high-dimensional features into new low-
dimensional ones (Bocca and Rodrigues, 2016). Specifically, we reduced the feature dimensionality of “general cargo_content” through
unsupervised classification. This approach aims to enhance the interpretability of machine learning models while preserving pre-
diction accuracy.

The data science team at the port believes a relationship exists between container content and out-terminals, as some specific
containers were transferred directly to rail services, and some were moved to shunting areas before being loaded onto trains. From an
operational standpoint, enhanced interpretability helps the operations team identify influential container attributes on target out-
terminals, which in turn, reveals associations between these attributes and improves decision making of container movement.

SITC is a product classification of the United Nations used for international trade. SITC Level 5 contains a list of 2970 predefined
headings for goods, and this list includes almost all the internationally traded goods transported by containers. We adopted the SITC
Level 5 structure to classify the 98,271 types of container content. Text classification presents a unique challenge in that creating
labelled training documents can be labour-intensive and intellectually demanding, particularly when dealing with a large volume of
text data. Even when subject knowledge is applied to label text documents, there tends to be a high degree of variability. This is
because classification depends on personal opinions and is open to different interpretations (Shafiabady et al. 2016). Therefore, un-
supervised learning methods have often been used for text classification (Ko and Seo 2000), including self-organising maps and k-
means to measure data similarities (Li and Huang 2009). In the absence of a labelled training dataset, we leveraged GloVe word
embeddings and Cosine similarity to perform unsupervised text classifications. GloVe word embeddings facilitated the creation of
vector representations of words within the container content and the SITC headings. Subsequently, pairwise Cosine similarity was
calculated between the matrix representation of SITC headings and the container content. The SITC heading that achieved the
maximum similarity with the given instance of container content was identified, and its corresponding code was assigned as the class
label to the container content. The detailed algorithms of the unsupervised classification are presented in Section A.3 in Appendix.
Unsupervised classification performances were compared with the classification results obtained from a manual labelling process. The
comparison achieved an accuracy score of 80.0 %, demonstrating that unsupervised text classification offers a practical solution for
categorizing container contents when a labelled training dataset is unavailable.

After feature engineering, unsupervised classification assigns a SITC code to each of the 98,271 container content types, resulting in
a new feature called “SITC” with reduced dimensionality. Following this feature engineering, the original “general cargo_content”
feature is replaced by the newly created “SITC” feature, as shown in Table 2.

4.4. Development of multiclassification models

Several machine learning methods can be used to build classification models. Deep learning, including various neural network
models, delivers higher accuracy but requires a large volume of labelled data, often in the millions, and substantial computing power.
Conversely, tree-based models consistently outperform standard deep learning models on tabular-style datasets, where features are
individually meaningful and lack strong multiscale temporal or spatial structures (Lundberg et al. 2020). Given that the container
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dataset is in tabular format, the selection of tree-based models was deemed appropriate for the classification prediction task. Spe-
cifically, XGBoost and Random Forest were selected to construct classifiers. Random Forest, a bagging ensemble machine learning
model, is designed to reduce variance, while XGboost, a gradient-boosting ensemble model, works to reduce both variance and bias.

After performing feature selection and feature engineering, the dataset with the chosen features was split into training and test data
using a 75:25 ratio based on the original dataset. Under the haulier mode, the default collection location is the out-terminal adjacent to
its storage yard, for example, HO for Yard O, or H1 for Yard 1. Hauliers receive directions from the terminal operator to collect
containers from either HO or H1. Under the rail mode, containers are collected from RO or R1. For the multi-class classifier, we
considered three out-terminal classes: H, RO, and R1, where H encompasses both HO and H1, reflecting the operator’s discretion in
determining haulier out-terminals. The optimal hyperparameters were tuned to configure the machine learning classifiers (see Section
A.4 in Appendix for more details). Since the distribution of target classes, i.e., H, RO and R1, is severely imbalanced, class weights were
set to “balanced” mode. This mode automatically adjusts weights inversely proportional to class frequencies in the input data.

4.5. Evaluating performances of predictive classification models

As with any predictive classification model, choosing the most appropriate and adequate metrics is essential in guiding the classifier
modelling and assessing the classification performance. Given the rail network’s stringent fixed departure and arrival schedules,
correctly identifying the minority class (rail class) is more important than the majority (haulier class). This ensures that containers are
efficiently loaded onto trains within the fixed time window. Hence, the problem is more sensitive to classification errors for the rail
class than for the haulier class.

While classification accuracy stands as the most used metric in classification tasks, it is worth noting that in the case of imbalanced
classification, relying solely on common metrics like accuracy can lead to sub-optimal classification models. This is because these
metrics tend to be insensitive to situations where the data distribution is skewed (Branco et al. 2016). The preferences for specific
metrics vary with application context and different objectives. Threshold metrics are one family of evaluation metrics that quantify the
classification prediction errors. These metrics are designed to summarise the fraction, ratio, or rate at which predicted classes do not
match the expected class in a holdout dataset. In this research, the threshold metrics are used to measure the predictive classification
performances, including confusion matrix, precision rate per class, recall rate per class, F1 score per class, overall accuracy, overall F1
score, and Receiver Operating Characteristic (ROC) Area Under the Curve (AUC) score using One vs Rest (OvR) method. Using the OVR
method, a single class is considered the positive class, while the rest are regarded as the negative class. ROC AUC scores are then
calculated for each specific positive class. In Section 5, the performances of two classifier models: Random Forest and XGBoost, are
compared and discussed.

4.6. Feature contribution to prediction by SHAP analysis

Sophisticated machine learning algorithms usually can produce accurate predictions, but their “black box” nature hinders the
adoption of the machine learning model. To help the port better understand why a container is classified into an out-terminal and how
the container attributes influence the classification, we applied model-agnostic interpretation techniques to interpret the predictive
classification models. Feature importance is a measure that quantifies the significance of each feature using a single value. In machine
learning models, various methods exist for ranking feature importance (Bommert et al. 2020), including: decision tree-based feature
importance, permutation importance, and SHAP (SHapley Additive exPlanations) analysis (Lundberg and Lee, 2017). Good feature
attribution methods should follow two properties: consistency and accuracy (Lundberg and Lee, 2017). Consistency means that the
change in feature importance aligns with the direction of change in the feature’s marginal contribution. Accuracy requires that the sum
of all the features’ importance adds up to the total importance of the model. The importance of the model can be measured as the
probabilities belonging to classes, Log odds in classification problems, or R for regression problems. The SHAP values proved to be
unique, consistent, and locally accurate attribution values (Lundberg and Lee, 2017). SHAP analysis helps discern patterns in the data
and understand the impacts of features on predictions through data visualization and model interpretability. Section 6 provides in-
depth discussions on how to interpret machine learning models for multi-classification using SHAP analysis.

4.7. Cost and benefit analysis of predictive models

The added values of the operational decisions obtained from the predictive classification models are calculated and discussed. Of
particular importance is the explicit quantification of the costs associated with decision errors induced by misclassifications. These
errors entail incorrectly predicting classes and consequently storing containers in the wrong storage yards. While often overlooked in
the literature that applies data analysis and machine learning to operations management, such cost considerations are critical to sound
business decision making. Type I and II error costs are often investigated as misclassification costs for binary classification problems.
Despite many successful applications of machine learning models in international maritime freight transportation management (Barua
et al. 2020), there has been limited research that analyses misclassification costs in the context of the shipping industry or port
management. In this research, we extend the concept of Type I and Type II costs to address multiclass classification problems, explicitly
quantifying the costs incurred by the misclassifications generated by multiclass classification predictive models. This approach allows
us to measure the benefits of employing predictive models and inform the yard management’s decision making in the international
shipping port.

We evaluated the performance of the predictive models by drawing fixed-sized samples from the test data using bootstrap sampling.
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This assessment involved analysing confusion matrices and quantifying misclassification costs using the error rates within those
matrices, as shown in Section 7.

5. Evaluating predictive model performances using empirical data

The methodological framework was applied to predict out-terminals for containers imported in the year of 2020, using the data in
Table 4. The performances of various machine learning classifiers are compared in this section. The tuned classifiers, Random Forest
and XGBoost, were used to classify containers using two distinct feature sets: one set contains the new feature “SITC” and another that
excludes it. The classification performances for both cases are compared in Table 5. It is apparent that both Random Forest and
XGBoost classifiers with the feature “SITC” outperform the classifiers without it, which verifies the importance of using the un-
structured data (i.e. the container cargo contents) in classifying the out-terminals of containers. Due to the severe imbalance in class
distribution, the aggregate standard metrics, such as weighted F1 scores and Accuracy, become unreliable or even misleading. Random
Forest and XGBoost classifiers deliver superior results in classifying containers to the haulier gate H, as evidenced by higher Precision
rates, Recall Rates, and F1 scores of this class. Setting class weights to be “balanced” increases the recall rates of RO and R1 while
maintaining the precision rates of all the three classes of H, RO and R1. When SITC feature was included, both Random Forest and
XGBoost achieved an overall accuracy of 80 % and an average ROC AUC of 86 %. The Recall rates and precision scores for out-
terminals RO and R1 remain lower in comparison to those associated with the H out-terminal.

High Recall rates of rail out-terminals mean that models are sensitive enough to capture containers destined for Rail. Nevertheless,
the recall scores in our case are somewhat misleading because we have three class labels. Lower Recall rates of rail out-terminals do not
necessarily incur higher transportation or storage costs. For example, misclassifying containers destined for R1 as H (or RO as H) does
not incur significant additional costs compared to the Business-as-Usual scenario, because these containers have similar probabilities of
being stored in Yard 0 and Yard 1 in both scenarios. However, if containers destined for RO are misclassified as R1, or vice versus, the
additional costs could be more significant because cross-yard transportation during the container collection stage will increase the
probability of rail misses (which is highly costly). Therefore, the confusion matrix in Table 6 is more appropriate to measure the
accuracy of the multi-classification model, which will be discussed in Section 7. For example, from the confusion matrix in Table 6, we
can observe that a;2 and ap; (representing misclassifications of RO as R1, or R1 as RO) are very small compared to other misclassi-
fication errors. This indicates that the model performs well.

Future research is required to further enhance the prediction performances for rail out-terminals. However, the focus of this
research is to investigate whether a reasonably accurate predictive model can be developed from the currently available data, and
whether the predictive model can improve the cost-effectiveness of container stacking at Port A when compared with the current
practices. Our method is demonstrated to be effective in Section 7 even though the recall scores are relatively low.

6. Machine learning interpretability using SHAP analysis

In this section, we interpret the importance of the features utilised in constructing the predictive models. SHAP analysis was
performed on the XGBoost model and baseline SHAP values were obtained. The SHAP summary plots in Fig. 4 offer the global overview
of feature importance by sorting the sum of absolute SHAP values over all samples. The plots further show the global positive and
negative relationships of the features with the predicted class. The plots also provide a way to demonstrate local explanation of a
feature, by showing the effect of a single feature across the entire dataset, and the distribution of the impacts of each feature on the
predicted output. The dotted violin plots correspond to individual observations in the dataset. The dot’s position on the X-axis shows
the impact that a feature has on the prediction, the log odds (used in XGBoost) of belonging to that class. The colour of each dot
signifies the value of that feature for the respective container, and multiple dots accumulate at the X-axis to show density.

Table 5
Performances of classifiers with feature selection.
Feature set Classifiers Class  Precision Recall F1 ROC AUC Weighted Accuracy  Average ROC
score score score OvR F1 AUC
With “SITC” Random R1 0.68 0.48 0.56 0.85 0.79 0.81 0.86
Forest RO 0.67 0.37 0.47 0.88
H 0.83 0.93 0.88 0.84
Without Random R1 0.57 0.44 0.50 0.80 0.76 0.77 0.81
“SITC” Forest RO 0.54 0.31 0.40 0.84
H 0.82 0.90 0.86 0.79
With “SITC” XGBoost R1 0.60 0.59 0.60 0.85 0.79 0.79 0.86
RO 0.54 0.46 0.50 0.88
H 0.86 0.94 0.87 0.85
Without XGBoost R1 0.48 0.52 0.50 0.78 0.73 0.73 0.80
“SITC” RO 0.38 0.37 0.37 0.83
H 0.83 0.82 0.82 0.77
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Table 6

Confusion matrix of multiclass classification using XGBoost.
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Actual R1

Actual RO

Actual H

Predicted R1
Predicted RO
Predicted H

a;1(mean = 0.123, std = 0.005)
a1 (mean = 0.006, std = 0.001)
az;(mean = 0.082, std = 0.004)

ajp(mean = 0.007, std = 0.001)
azz(mean = 0.025, std = 0.002)
azz(mean = 0.023, std = 0.002)

a;3(mean = 0.073, std = 0.004)
az3(mean = 0.015, std = 0.002)
asz(mean = 0.646, std = 0.007)
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6.1. SHAP robustness analysis

To evaluate the consistency and robustness of SHAP analysis results, we applied bootstrap undersampling techniques to create
subsets comprising 80 % of the original training dataset, while retaining its essential characteristics. Ten subsets were generated, and
the XGBoost model was retrained on the subsets. SHAP analysis was performed using each subset. The SHAP values obtained from
these models using the resampled data were compared with the baseline SHAP values, and the Symmetric Mean Absolute Percentage
Error (SMAPE) was calculated using equation (1) to assess each feature’s robustness to data resampling. The robustness of SHAP
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analysis signifies the stability and reliability of SHAP values in the face of training dataset variations and resulting differences in
trained machine learning models.

SMAPE, - ( ) Z\S (baseline) — S;(sample;) | i

|S (baseline) |+‘S samplel)‘

j: the j-th feature, j = 1, 2,..,14 in this study;

i: the i-th resampled training dataset, i = 1, 2,..,10 in this study;

SMAPE;: Symmetric Mean Absolute Percentage Error for feature j;

n: total number of resampled training datasets, n = 10 in this study;

Sj(baseline): baseline SHAP values for feature j;

Sj(sample;): SHAP values for feature j using resampled training dataset i.

In Fig. 5, the SMAPE values between the baseline SHAP values and those obtained from retrained models depict features’ sensi-
tivity. A high SMAPE score indicates a sensitive feature, meaning variations in training data could lead to significant changes in the
model’s output and ranking of feature importance. Overall, the maximum SMAPE values are below 0.15 (15 %) for R1 class, 0.10 (10
%) for H class and 0.20 (20 %) for RO class, which indicates that none of the features is highly sensitive to resampled training sets.
There exists a correlation between features with high SHAP values and those with high SMAPE metrics. This suggests the XGBoost
model under investigation remains robust to resampled data, and the ranking of feature importance based on SHAP values remains
consistent, despite minor disparities in the ranking of more sensitive features, such as service code, cntr length_in_feet and reefer.

6.2. Feature importance based on SHAP analysis

When interpreting machine learning classifiers, the focus is on quantifying the contribution of each feature to the predicted label.
However, it is important to note that a unit change in categorical variables does not have a meaningful interpretation. For categorical
variables, the interpretation is how each categorical value affects the prediction. The summary plots for the three classes predicted by
XGBoost are shown in Fig. 4, and several observations can be drawn from the plots:

(1). Feature importance ranking: When predicting H, RO, and R1 classes, the top three important features are SITC, owner, and
gross_weight documented. Regarding the feature SITC, transforming the high-dimensional container content into a new low-
dimensional feature improves the interpretability of how it contributes to the prediction results. As for the owner feature, it
is notable that containers’ out-terminals are associated with owner information, suggesting that owners may exhibit preferences
for either inland Rail or Haulier transport. Additionally, the container weight, gross weight documented, also influences the
choice of inland transportation mode and ultimately the corresponding out-terminal at the port.

(2). Impact and correlation:

The plot in Fig. 4 reveals the direction of effects. For example, a higher value of gross_weight documented is associated with a
higher probability of prediction of H Class, implying that heavy containers are more likely to be transported by road haulage
from Port A to their destinations. While this observation may appear counterintuitive, it is due to the age of the rail track and
weight limits on bridges along the rail routes, as verified by Port A. It is noted that SITC code and Owner are categorical var-
iables, thus, an increment or decrement in the values of these variables do not necessarily reveal an association between them
and the prediction. In Section A.5 in Appendix, the impacts of categorical variables are quantified based on categorical values
and some interesting results were revealed: i) containers from Owner 13 tend to be transported by rail from out-terminal RO,
while containers from Owner 2 are more likely to be collected from out-terminal R1. ii) Content characterised by SITC codes
1291 (Meat and edible meat offal of rabbits or hares) and 4812 (Cereal other than maize) exhibit a preference for being collected
from R1 out-terminal. Conversely, containers having content corresponding to SITC codes 1211 (Meat of sheep) and 5429
(Medicaments) are more likely to be retrieved from RO out-terminal.
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Fig. 5. Mean absolute SHAP values v.s. SMAPE for XGBoost classification model.
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The plot also reveals the distribution of effect sizes. The long right (or left) tails mean that features with low global importance
can be extremely important for specific classifications of individual containers. For example, high value of reefer stretches to the
left for both rail classes, implying that refrigerated containers (reefer = 1) tend to be transported by hauliers. High values of
cntr_length_in feet stretch to the left for R1 class and stretch to the right for H class, showing that longer containers tend to be
collected from H out-terminal; low values of cntr height in feet increase SHAP values of RO and R1, implying that lower con-
tainers are more likely to be transported by rail while higher containers are more likely to be picked up by haulier. One
explanation given by the port is that a loading gauge is in place defining the maximum height, width, and loads of containers
transported by rail. Containers over 8.5 feet in height tend to be transported by hauliers.

SHAP, as a tool to interpret complex machine learning models, helps the port in identifying and verifying the relationships between
containers’ attributes and the out-terminals. Some of these results concur with the port operations team’s experiential judgement, such
as the relationships between container height, refrigerated containers, and container owners with out-terminals.

7. Evaluating costs arising from predictive models

In this section, we assess the advantages of utilizing predictive models by comparing the costs of the Business-as-Usual scenario
with the costs under two scenarios that integrate the prediction results while accounting for misclassification errors.

By employing bootstrap sampling, we drew 1000 samples, each containing 5000 instances of container data from the test dataset. A
confusion matrix is produced based on the XGBoost classification results, as shown in Table 6. This matrix shows the mean values and
standard deviations of the normalized confusion matrix elements, with normalization achieved by dividing each element by the total
sum of all matrix values.

Rather than focusing on Type I and II errors for each class, the error rates in the confusion matrix in Table 6 were used to calculate
the transportation-related costs resulting from misclassifications. The minimum error rate would effectively reduce unnecessary
transportation costs. Furthermore, it is important to note that misclassifying haulier containers does not typically lead to missed lorries
or substantial penalty costs, as lorries do not adhere to scheduled timetables. However, if rail containers are incorrectly predicted to the
wrong out-terminals, it could result in significant penalties due to rail misses at their intended out-terminal.

To capture both direct and indirect costs of container movements at ports, the operations team at the port consolidated these cost
elements into a single cost element called transportation-related cost. Table 7 reports the estimated coefficients for these costs. It should
be noted that these cost coefficients were estimated by normalising the transport-related cost between a yard and its associated haulier
out-terminal to a value of 1. The relative values of these cost elements are representative of the true costs and reflect the ordinal
relationships among them. Due to the high penalties incurred when missing the loading containers to a train service, the transportation
cost of moving containers from a yard to a rail out-terminal is higher than moving them from yard to haulier out-terminal.

Transporting containers from the maritime quayside to Yard O and Yard 1 was treated as an exogenous input variable, taking
precedence over container movements between yards and out-terminals. Consequently, the costs associated with container movements
from the maritime quayside to the two yards were fixed and omitted in our scenario analysis. Yard O is approximately 1 mile from Yard
1, with HO and H1 located within 200-300 yards of Yard 0 and 1, respectively. The within-yard transportation costs between Yard 0 (1)
and haulier gates HO (1) are minimal, normalised to 1, and denoted as C{)’é and C’l'}l1 Based on a travelling distance of 1 mile, the cross-

yard transportation costs of moving containers between the yard and the haulier out-terminals, noted as Cgl' and C}l'g, are estimated to
be 5. The rail terminals RO and R1 are located about 2 miles from Yards O and 1, respectively. The within-yard transportation costs
between the yards and their respective rail out-terminal, denoted as C, and CY}, are estimated to be 10. The most significant costs are
attributed to cross-yard transportation costs between the yard and the rail out-terminal, noted as C%; and C%j,, which could range 2-6
times of the within yard transportation costs between yards and haulier gates Cﬁ’(‘, and C{fll, due to penalties imposed by rail misses and
waiting time of RMG (Rail Mounted Gantry) cranes. Therefore, the order of cost coefficients in terms of their values is: Cﬁ'l = C’l'g >

VT YT Yyh _ ~yh yh _ ~vh 4.
Coo=C11 > Cyy =Cip>Cyo =C11 =15

Table 7
Estimated cost coefficients.

Cost coefficients descriptions Notation Value (£)

from yard to rail

transport-related cost from Yard 0 to R1, incl. miss penalty and RMG* waiting an [20,60]
transport-related cost from Yard 1 to RO, incl. miss penalty and RMG* waiting (48 [20,60]
transport-related cost from Yard 0 to RO, incl. miss penalty and RMG* waiting an 10
transport-related cost from Yard 1 to R1, incl. miss penalty and RMG* waiting a 10
from yard to haulier

transport-related cost from Yard 0 to H1 Cﬁ’{ 5
transport-related cost from Yard 1 to HO c{’g, 5
transport-related cost from Yard 0 to HO ng 1
transport-related cost from Yard 1 to H1 ot 1

* RMG: Rail Mounted Gantry cranes.
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Three business scenarios were constructed to compare the costs incurred under different yard operation strategies:

Business as Usual scenario: Yard management followed current practices described in Section 3.3.

Predictive scenario: In this scenario, an easy-to-implement strategy is designed to deploy the predictive model in TOS with
minimum effort and disruption to existing operations. Under this strategy, several rules are defined for container movement and
storage in specific yards, based on the results from the predictive mode. These rules can be adapted and adjusted to suit various real
world business cases:

1. The predictive model determines the containers’ destinations. First, all containers predicted for R1 are moved from the maritime
quayside to Yard 1, while all containers predicted for RO are transferred from the maritime quayside to Yard 0.

2. Alongside the containers predicted for R1, a portion of containers predicted for the haulier are randomly selected and moved from
maritime quayside to Yard 1. This step is implemented to maintain consistent volume distribution in container movement oper-
ations between the maritime quayside and the two yards in both scenarios, i.e. to keep Doy and Dy; having the same values as the
Business-as-Usual scenario, which minimises the disruptions to existing operations (such as resource assignment and workload
distribution).

3. Haulier containers utilise the out-terminal located within their respective stored yard terminals. The rule is implemented based on
the rationale that the terminal operator holds the responsibility of specifying the haulier out-terminal for lorries to pick up
containers.

Ideal Predictive scenario: this scenario assumes that the predictive model achieves 100 % accuracy, which is equivalent to the
scenario in which we know the actual out-terminals of imported containers when they are unloaded from the vessel. All containers
destined for R1 are stored at Yard 1, all containers destined for RO are stored at Yard 0, and haulier containers are stored either at Yard
0 or Yard 1 to ensure Dy and Dy; having the same values as the Business-as-Usual scenario. Haulier containers will be collected from
their respective storage yards. There will be no cross-yard movements from yards to out-terminals. The transport operations in the
Ideal predictive scenario are identical to that in the Predictive scenario except the predictive accuracy.

7.1. Costs under the business-as-usual scenario
The relevant total costs of transporting containers under the Business-as-Usual scenario were incurred by the following activities. A

total number of D containers were unloaded at maritime quayside, Doy were stored at Yard 0 and Dy; are stored at Yard 1, then moved
to one of the out-terminals: HO, H1, RO, and R1. The costs can be formulated as follows:

Transport — related costs of containers at yard 0 = Dy x G + Dy, x Coy, 4+ Diyy x G, +Dly x ¢t (2)
Transport — related costs of containers at yard 1 = Dy x Ch + D',y x G + Dy x & + Dy x Ot 3)

The sum of (2) and (3) gives the total relevant cost in the Business-as-Usual scenario, i.e.
Total relevant cost under Business — as — Usual scenario = D}y x Cih + Diy x Gl + Dy x G +Dfyy x C 4+ D x Ch +Df,
x Cfp + Dy x Cfy +Dfy x Cy @

According to the historical data recorded in the Business-as-Usual scenario, a small number of haulier containers were still moved
between yards despite the terminal operator’s ability to assign haulier out-terminals, which could be attributed to road hauliers
accessing incorrect gates by mistake. Eliminating cross-yard movements for haulier containers can improve Business-as-Usual scenario

Haulier out-terminal HO

|

0’("0
O

Rail out-terminal RO

— Maritime 07/

Quayside \
QY Haulier out-terminal H1
9
\ D\\ )

Yard 1 D'y, Rail out-terminal R1

Dy1=PR+(Dy,-PR;) part of PH

Fig. 6. Container movements under Predictive scenario.
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outcomes. This can be achieved by merging D, into D, and D%, into D%, resulting in cost saving of approximately 1 %. In Section 7.4,
we will demonstrate that this cost saving is significantly lower than the cost saving achieved by the predictive model.

7.2. Costs under the predictive scenario

In the predictive scenario, the container movement follows rules 1)-3) defined for this scenario, and the movement is depicted in
Fig. 6. Instead of random selection and transportation to Yard 1 as in the Business-as-Usual scenario, containers were selected and
transported based on the prediction outcomes generated by the classification model. Using the percentage values in the confusion
matrix presented in Table 6, we can work out the predicted numbers of containers destined for H, R0, and R1, denoted as PH, PRy, and
PRy, respectively:

PH =D x (as +as; +ass) ()]
PRy =D x ((121 + agy + (.123) 6)
PR, =D x ((111 +a;x + (113) )

In our specific case context, the total volume of containers to be moved from maritime quayside to Yard 1, denoted as Dy, always
exceeded the value of PR;. Consequently, the remaining volume, calculated as (Dy; — PR, ), was filled by a random selection of con-
tainers from the PH category. The remaining containers, Doy = D — Dy;, were stored in Yard 0. Since the classification model may incur
misclassification, to work out the actual transportation-related costs, it is necessary to determine the actual movement of containers,
such as D&, Dy, Dy, and so on, using the information provided in the confusion matrix presented in Table 6. Rule 3) indicates that
Dgl = D’l’0 = 0. Following rules 1)-3), we can calculate the corresponding total movement costs using the formulas (2) and (3).

Firstly, we worked out the movements of containers stored at Yard 0. By utilising the predictions of PH, PR, and PR;, along with the

classification rates provided in the confusion matrix in Table 6, we obtained D, D}, and D}, using the following equations:

DgO = PRO X (123/((121 + azy + (123) + (PH — D()l + PR]) X a33/(a31 + ass + a33) (8)
Dy = PRy X a22/(G21 + a2 + a3) + (PH — Do1 + PRy ) X azz/(as1 + a3z + ds3) (C)]
DB] = PRy x a21/(a21 + ass + a23) + (PH — Doy + PRl) X a31/(ag1 + azy + 033) (10)

The first part of D&, i.e., PRy X @a3/(az1 + a2z + az3), are the actual haulier containers incorrectly predicted as RO containers. These
containers are stored in the default Yard 0 and transported to HO. The second part of D’(;O i.e., (PH — Do; + PRy) % azs/(as1 + asz + ass),
represents the accurately predicted haulier containers residing in Yard O, to be sent to HO. The numbers of containers required to be
transported from Yard O to rail out-terminals RO and R1, noted as Df,, and Dj,, can be similarly worked out. The transport-related costs
associated with the containers stored at Yard 0 is given by:

Transport — related costs of containers at yard 0 = D}, x Gl + Dy, x Cly + Dhy, x CJ} an

Secondly, we worked out the movements of the containers stored at Yard 1. The costs of transporting containers from Yard 1 to out-
terminals H1, R1 and RO can then be calculated:

D" =PRy x ay3/(a11 + @z + a13) + (Do1 — PRy) X @s3/(as + @z + aszs) 12)
D}, = PRy X ay1 /(@11 + @iz + @13) + (Do1 — PRy) X as1/(as1 + asz + as3) (13)
D}y = PRy X a12/(a11 + @iz + @13) + (Do1 — PR1) X @32/ (a3 + asz + as3) 14
Transport — related costs of containers at yard 1 = D, x C, + D}, x G, + Dl x &t (15)

The sum of (11) and (15) gives the total relevant cost in the Predictive scenario, i.e.
Total relevant cost under predictive scenario = Dy, x Chy + Dy x Cly + Dy x Gy + Dy x Gy + D5y x Oy + Dt x & (16)
7.3. Costs under the Ideal predictive scenario

This scenario was only used for comparison purpose because it is impossible to achieve 100 % prediction accuracy in reality. The
costs can be formulated as follows:

Transport — related costs of containers at yard 0 = Dy, x Cy + (Doo — D) x Che 17
Transport — related costs of containers at yard 1 = D, x Cj; + (Do1 —Dj;) x C (18)

In the above two equations, the first term represents the costs incurred by transporting containers from the corresponding yard to
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the nearby rail terminal, while the second term signifies the costs associated with transferring containers from the corresponding yard
to the nearby haulier gate.
The sum of (17) and (18) gives the total relevant cost in the Ideal predictive scenario, i.e.

Total relevant cost under Ideal — predictive = D}, x Cy + (Doo — D) x Chy + Dy x Cfy + (Dor — Df;) x Cph (19)

7.4. Cost comparison across the three scenarios

In this section, the cost elements among three scenarios were compared while maintaining a fixed parameter, CJ; =£20, using
XGBoost. Next, the overall costs between the Predictive scenario and the Business-as-Usual scenario were evaluated, with varying
parameter Cjy; from £20 to £60. Finally, the misclassification costs associated with the predictive model were discussed.

7.4.1. Comparison of the three scenarios

Transportation-related costs achieved under the three scenarios are compared in Table 8. The bold numbers in Table 8 highlight the
cross-yard transport costs to rail out-terminals. A noticeable difference can be observed when comparing Predictive and Ideal scenarios
with the Business-as-Usual scenario. Specially, the predictive model can reduce the transportation-related cost from Yard 0 to rail out-
terminal R1, reducing it from £1747340 to £972060 (a 44.37 % decrease). Similarly, it can decrease the cost from Yard 1 to rail out-
terminal RO from £182840 to £125214 (a 31.38 % reduction). In the Ideal scenario, the cross-yard transport cost to rail out-terminals is
reduced to zero; nevertheless, the costs from the yard to its nearby rail out-terminal are higher compared to the other two scenarios.
Under the condition that Doy and Dy; are divided between the two yards, the Ideal scenario sets a low bound for the total relevant costs,
amounting to £2043575. The parameter C; represents the unit transport-related cost from Yard 0 to R1, including penalties for rail
misses and crane waiting cost (similarly for C};). In subsequent analysis, the value of CJ; was set to vary in the range of £20 to £60,
which was in line with the estimation given by the operations team at Port A. It should be noted that the parameter Cy; does not affect
the Ideal scenario since cross-yard transportation to rail out-terminals does not exist in the Ideal scenario.

7.4.2. Sensitivity analysis of cost coefficients

In Table 9, the relevant total costs generated in the Business-as-Usual scenario and Predative scenario are compared. The results
demonstrate that yard management in Predictive scenario outperforms Business-as-usual scenario, irrespective of the values assigned
to C%; and CJj,. In other words, using the predictive classification model could lead to significant cost savings in handling imported
containers. The cost reductions attained by the predictive classification model increase as the value of Cj; and CJ; increase, as shown in
Table 9. With C{)'rl and C{g ranging from £20 to £60, Predictive scenario achieved total cost reductions of £469,280 ~ £2,134,371 when
compared with the Business-as-Usual scenario, corresponding to a percentage decrease of 14.90 % ~30.45 %. It is noteworthy that the
cost coefficients have been normalised, with the transport-related cost between a yard and its associated haulier out-terminal to be £1.
Therefore, the actual cost reduction would be even higher than the values reported in Table 9, and the percentage cost reduction holds
greater significance.

7.4.3. Sensitivity analysis of predication error rates

Misclassification errors are inevitable with virtually any classification model but increasing classification accuracies per class could
offset the costs incurred by misclassification errors; and the implications of error rate on costs vary with the class label and the type of
errors (Type I or II error per class). Misclassifying containers intended for rail out-terminals incurs higher costs compared to mis-
classifying containers destined for haulier out-terminals. Furthermore, mistakenly storing containers in a yard that is farther from the
destination rail out-terminal would increase the risk of missing scheduled trains and incurring substantial penalty costs.

The confusion matrix in Table 6 provides insights into the error rates associated with different misclassifications. Specifically, the
error rate a;, represents the misclassification of actual RO containers as R1, while ag; indicates the rate of misclassifying actual R1
containers as RO. On the other hand, the error rates as; and asz determine the number of containers that are incorrectly predicted as H.
In terms of importance, the error rates a;2 and ay; hold greater significance compared to as; and asz. This is because misclassifying rail
containers to a different rail out-terminal results in cross yard transportation costs and possible penalty charges, whereas misclassifying
rail containers as haulier containers does not necessarily lead to cross yard transportation. If actual RO or R1 containers are mis-
classified to haulier containers, they could be stored in either Yard O or Yard 1, depending on their inclusion in the randomly selected

Table 8
Transport-related costs (£) from storage yards to out-terminals underC{)"1 =20 (£).
Scenario Out-terminal HO H1 RO R1 Total costs
Business as Usual Yard O 315,815 56,005 251,290 1,747,340 3,148,962
Yard 1 9845 131,847 182,480 454,340
Predictive Yard O 362,636 0 282,730 972,060 2,679,682
Yard 1 0 98,232 125,214 838,810
Ideal Yard O 388,814 0 324,830 1] 2,043,575
Yard 1 0 52,781 0 1,277,150
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Table 9

Relevant total costs incurred in the two scenarios and cost reduction.
Cg; = C{(') 20 30 40 50 60
Business-as-Usual (£) 3,148,962 4,113,872 5,078,782 6,043,692 7,008,602
Predictive (£) 2,679,682 3,228,319 3,776,957 4,325,594 4,874,231
Cost reduction in Predictive (£) 469,280 885,553 1,301,825 1,718,098 2,134,371
Cost reduction in Predictive (%) 14.90 21.53 25.63 28.43 30.45

portion of haulier containers (H) that are to be transported to Yard 1. Regarding a;3 and ay3, misclassifying actual haulier containers
(H) as rail containers, whether R1 or RO, does not incur any cross-yard transportation costs or penalty costs associated with missed
scheduled lorries. This is because the terminal operator has control over the haulier out-terminal selection, and the haulier collection
does not follow scheduled timetables. In terms of the importance ranking of the error rates, our judgement concurs with the opinions of
the operations team at the port, which is as follows: a;» ~ a1 > as; =~ azz > ai3 = aps. The results in Table 6 show that the top two
most important error rates, a;; and ay;, are relatively small, indicating that the costs associated with such classification errors are
modest compared to the model’s ability to accurately detect containers destined to each out-terminal.

Comparing the cost reductions achieved by XGBoost reveals that improved accuracies in predicting rail classes (RO and R1),
represented by increased rates of a;; and ayp in Table 6, leads to a substantial decrease in cross yard transportation and its associated
costs. However, there is still potential for further cost reduction. Incorporating additional features, such as information on consignor,
consignee, and destinations of the containers would be valuable in enhancing the prediction accuracy rates of a;1, asz and asz, and
reducing the top important error rates of a;; and ay; .

To further evaluate the robustness of the results and the model’s sensitivity to the misclassification errors, we hypothetically
introduced a 20 % increase in the six specific misclassification errors, including as1, asi, ai2, asz, ai3, and ays. For instance, when ay; is
increased by 20 %, an equal amount is decreased from a1, while the other a; values remain unchanged. The results are given in
Table 10. The column ‘a;;(%)’ in Table 10 represents the cost reduction percentage in the cases where the misclassification error a; was
increased by 20 % and the correct prediction ratio a;; equally decreased. The second column “Pred(%)” presents the cost reduction
percentage achieved in the Predictive scenario as shown in Table 9. Comparing the results in the column “Pred(%)” with other col-
umns, it is evident that even with a 20 % increase in misclassification errors under the fixed C{)'rl, the predictive model continues to
deliver substantial cost savings. This shows the robustness of our predictive model with respect to the misclassification errors. Notably,
a;2 and ap;, which are the most critical misclassification errors, are very small in our predictive model. In Table 10, az; appears to be
the misclassification error that is most sensitive to the 20 % increment, which is due to its considerably high absolute value (see
Table 6). A 20 % increase of az; would significantly decrease the value of a;; (the correct prediction rate of the actual R1 containers),
which leads to reduced cost savings percentages. One counter-intuitive observation is that an increase in misclassification error a3 and
decrease in the correct prediction ratio ass slightly enhance cost savings. This can be explained as follows: 1) an increment in as3 causes
more authentic H (haulier) containers to be predicted as RO containers and are stored in Yard 0, while a decrement in as3 leads to fewer
correctly predicted haulier containers; 2) since a portion of predicted haulier containers must be chosen for transportation to Yard 1, a
greater number of authentic haulier containers that are predicted as RO containers will remain at Yard 0, reducing the number of
authentic haulier containers being transferred to Yard 1. However, this also increases the chance of actual R1 containers, which are
incorrectly classified as haulier containers, being chosen and sent to Yard 1, ultimately resulting in higher cost savings.

To have a clearer view of the relationship between the predictive model classification errors and the cost saving percentage, the
parameter Cj; was fixed at 40, and the misclassification error was increased by 5 %, 10 %, 15 %, 20 % and 25 % respectively. From
Fig. 7, it can be observed that (i) for five types of misclassification errors (az1, @12, as2, @13 and as3), the cost saving percentages do not
change significantly as the misclassification error increases by up to 25 %; (ii) In the worst case, as the misclassification error as; is
increased by 25 %, the cost saving achieved is still close to 20 %. This confirms the effectiveness and robustness of the predictive model.

8. Discussion

In this section, we first discuss the deployment of the results and the generalisability of the methodological framework. Then, we
summarise the main contributions of this work in terms of academic research and managerial insights.

Table 10

The cost savings achieved as misclassification errors increased by 20%.
cyi(®) Pred (%) az (%) az; (%) apz (%) asy (%) a3 (%) ax3 (%)
20 14.90 14.68 12.33 14.60 14.78 14.70 14.91
30 21.53 21.19 17.59 21.07 21.33 21.22 21.54
40 25.63 25.22 20.86 25.07 25.40 25.25 25.64
50 28.43 27.97 23.08 27.80 28.16 28.00 28.44
60 30.45 29.96 24.68 29.78 30.17 30.00 30.47
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Fig. 7. Cost saving percentage vs predictive model classification errors increasement.

8.1. Deployment and generalisability

The data science team at Port A believes that the easy-to-implement strategy would enable them to incorporate the predictive
models and cost analysis into the current TOS with minimal efforts and disruptions. The deployment essentially replaces random
selection operations with predictive model-based selection operations as described in the predictive scenario. It does not change the
imported containers’ volume distributions across storage yards and causes minimal disruption to the allocation of existing resources.
When vessels dock at the quayside, the predictive model records containers in the TOS, predicts the out-terminal, and facilitates
container movement to a nearby storage yard aligned with the predicted out-terminal. Our study shows that deploying our predictive
model as a straightforward add-in function to the existing yard block assignment strategies can yield a significant efficiency
improvement at container ports. In addition, with the increasing demand for transportation decarbonisation, many countries (e.g. US,
UK and European continent countries) are promoting modal shift from road to rail in terms of container movements. This indicates the
great deployment market for the proposed predictive models.

In this research, the predictive model is trained using container data in 2020. In the actual deployment, the model can be regularly
updated using new container information when they are collected from the out-terminals. The frequency of model updates can be
adjusted to align with different work shifts (the day shifts are busier than night shifts), or seasonal container throughput. For example,
the classification model can be updated after every 1000 additional containers are collected. There is also flexibility in the size of
training data. It can be fixed for a specific duration or a fixed volume of data, or can dynamically increase along with the arrival of new
containers. The choice depends on factors like server storage capacity, computing power, and the desired prediction model accuracy.
To further improve the classification performance, the port advises that it would be beneficial to retrieve additional information from
shipping lines, such as consignor and consignee information. The consignees’ information can also be utilised to achieve smart stacking
at container yards to further improve the yard operation efficiency (Feng et al., 2022b).

Fragmented decision-making, uncertainty and complexity pose challenges within global container shipping supply chains. Port A is
just one example of the numerous major ports grappling with these issues. Many leading ports in both the United States and Europe
feature multiple container terminals and multiple rail terminals (see Table 1). The predictive and cost analysis models developed in
this research are applicable to most container ports worldwide that operate multiple out-terminals using different modes of inland
transport.

Furthermore, the proposed methodological framework can be applied to predictive data analytics in various industries, comprising
four key components essential for constructing predictive models and conducting cost analysis. Firstly, combining structured and
unstructured data (such as text, audio, video files) is crucial for deriving substantial value to businesses (Harbert 2021). Secondly,
feature engineering, informed by either practical insights or established theory, proves invaluable for optimal use of the datasets. In
this research, the unstructured container content was transformed into a new feature using feature engineering and incorporated into
the machine learning models to improve prediction performances for container out-terminals. Yoganarasimhan (2020) developed
feature generation and feature categorization by capturing both global and individual-level attributes to improve prediction accuracy
for personalized marketing. Chuang et al. (2021) applied operations management theory informed feature engineering to improve
predictive accuracy of demand forecasting. Thirdly, quantification of feature contribution in machine learning enhances result
interpretability, as demonstrated in Chuang et al. (2021). Lastly, evaluation of misclassification costs and quantifying the benefits of
predictive model can convince industrial managers and facilitate model deployment. In this regard, Khan et al. (2014) and Tiwari et al.
(2020) investigated misclassification costs for production quality inspection errors.
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8.2. Research contributions

A primary objective of operations management is to conduct theoretically generalisable research that can aid the operations team
to improve their decision making. Empirical research has enhanced operations management in two important ways: providing
valuable inputs to models that improve operational decisions and identifying evidence of a phenomenon that happens in practice
(Fisher et al. 2020). This research adopts a data-enabled approach and develops a predictive model that automates yard decision-
making in a shipping port by integrating container information from various sources. This model offers a new avenue to address
the challenges of container yard management and port congestion by predicting the out-terminals of import containers and utilising
this knowledge to develop container storage strategy. The predictive models have the potential to integrate data from multiple de-
partments or businesses. The significant cost reductions derived from deploying the predictive model can serve as financial incentives
to promote cross-functional collaboration and information integration. A new research paradigm may be opened if the out-terminal
predictive model could be integrated with other port operations, e.g. slot assignment, yard container housekeeping, and vehicle
and crane scheduling. Development of these models constitutes our generalisable contributions to the empirical research methodology
for improving operational decisions.

The novelty of the methodological framework lies in several aspects, including the extraction of valuable insights from unstruc-
tured data to enrich training dataset for improved prediction accuracy, the provision of global and local interpretability of predictive
models and the measurement of added values in operational decisions through scenario modelling. Of particular significance is the
explicit quantification of the costs associated with misclassifications. Such costs are critical to business decision making, but they have
seldom been investigated in literature focused on applying data analytics and machine learning in an operations management context.

8.3. Managerial contributions

The lack of information on discharged containers’ inland transport such as when the import containers will be picked up and which
out-terminal these containers will go through is a common phenomenon. Such a phenomenon is unlikely to change due to individual
cargo owners or their agents’ delayed dynamic decision-making behaviour. This research attempted to adopt a data-enabled approach
to processing heterogeneous datasets and gaining insights into container information, and then utilise these insights to predict out-
terminals of the import containers. For Port A, the developed predictive tool effectively separated rail containers from haulier con-
tainers with a precision rate of 60 %. At the same time, the model can capture circa 35-60 % rail containers and store them near their
target out-terminals, and therefore reduce the unproductive crane movement, vehicle travelling distance, and the possible rail misses.

Practice-informed feature selection and knowledge-informed feature engineering of unstructured data improve machine learning
model prediction accuracy and interpretability. For Port A, the predicted out-terminals and discharged container attributes will be
synchronised with yard information, crane information, and tractor information in real time, to assist long term tactical yard planning,
while balancing with short term workload decisions.

This research can support shipping ports in exploiting the operational data held in-house and generating real-time insights and
predictions to improve efficiency of yard operations and reduce costs. The substantial cost savings resulting from the implementation
of the predictive model can act as a catalyst for a financial motivation to encourage collaboration across shipping supply chain
stakeholders and information integration (Simatupang and Sridharan, 2008), which will lead to new disruptive supply chain business
models characterised by dynamic allocation of processes and dynamic supply chain structures (Ivanov et al. 2021).

Integrating proposed predictive models into existing operations would cause minimal disruption, which holds particular signifi-
cance for the port industry, known for its conservative and risk-averse nature (Chen and Shen 2022). The predictive model has the
capability to provide real-time forecasts and streamline the handling of routine and repetitive decisions. This shift toward real-time
predictive operations management decision-making represents a transformative development that will reshape the landscape of
strategic, tactical, and operational decision-making processes (Ivanov et al. 2021).

9. Conclusions and future work

The growing demand to tackle high yard density and port congestion in the global supply chain requires more efficient operations
of container movements at seaports. This motivates terminal operators to seek potential ways to improve port operations. One un-
tapped research area is to incorporate the out-terminal information of import containers into yard management. Because the out-
terminal information does not exist at the time when containers are unloaded from vessels, we developed a machine learning pre-
dictive tool to forecast the out-terminals of imported containers when they are discharged from vessels, and conducted cost analysis of
misclassifying containers. The predictive tool and the cost analysis tool have the following attributes: 1) informed by the operation
practice at the port, feature selection and feature engineering processes were performed to select container attributes to develop the
prediction tool for container out-terminals; 2) combining embeddings with Cosine similarity, the prediction tool conducted unsu-
pervised classification of unstructured data to improve prediction performance; 3) SHAP analysis was conducted to interpret con-
tributions of container attributes and identify the key attributes that distinguish container out-terminals; and 4) misclassification costs
were evaluated based on the multiclass confusion matrix (implies Type I and Type II errors), and the added values of the predictive
models were measured and compared to the Business-as-Usual scenario. The predictive tool effectively classifies containers to their
out-terminals and reduces the total transportation-related costs, albeit with misclassification costs. The SHAP shows improved better
consistency with human intuition.

This study initiates a new avenue to address yard management and port congestion. It explores how advanced data analytics can
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yield valuable insights, aiding operational decision-making and enhancing overall efficiency. In the context of a shipping port, the
predictive model offers the ability to make real-time prediction and streamline routine decisions, particularly concerning out-
terminals. The proposed predictive model can be synchronized with port infrastructure and resource data to facilitate tactical yard
planning. This extension of data analytics and machine learning from the operational level to tactical decision-making marks a sig-
nificant advancement in accelerating digitisation in seaport operations. The transition to real-time predictive operations management
signifies a transformative shift that will reshape strategic, tactical, and operational decision-making processes. The substantial cost
saving derived from the data analytics and predictive models can assist in designing effective incentives to encourage collaboration and
information sharing among supply chain participants. This, in turn, could result in more aligned decision-making, improved opera-
tional efficiency, and increased overall profits throughout the supply chain.

Several intriguing avenues for further research can be pursued. Firstly, many classification methods, like logistic regression or
Random Forest, do not directly classify observations but provide a probability estimate of class membership. Typically, a probability
threshold of 0.5 is used; observations with a probability above 0.5 are classified as the target class, otherwise as the default class.
However, this default threshold may not be optimal for imbalanced class distributions. To address this, future research will perform
threshold tuning to explore various probability thresholds and find the one that optimizes precision and recall while accounting for
class imbalances (H, RO, and R1). Secondly, future research will consider synchronising the results from the predictive models with
real time yard, crane and tractor information, to support long term tactical yard planning while also considering short-term workload
decisions. The incorporation of predictive models into yard housekeeping and container pre-staging optimisation (Xie and Song 2018)
warrants exploration. Additionally, the predictive models can be integrated with intricate process of container stacking, reshuffling,
and retrieval to reduce unproductive reshufflings (Feng et al. 2020). Thirdly, it is desirable to obtain additional container information
from shipping lines or freight forwarders to enrich the features in the training dataset, explore the impacts of the new features, and
improve the prediction accuracy. Incentive alignment mechanisms will be a focal point, to foster collaboration and promote infor-
mation integration across supply chains.
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