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7  Abstract

8 In maritime transportation, port state control (PSC) is the last line of defense against substandard
9  ships. During a PSC inspection, PSC officers (PSCOs) identify ship deficiencies that lead to a ship’s
10  detention, which can cause severe economic and reputational losses to the ship operator. Therefore, this
11  study innovatively uses PSC inspection data to design ship maintenance plans for ship operators to
12  minimize the overall operational costs. We identify three types of operational costs associated with each
13 deficiency code: inspection cost, repair cost, and risk cost in the ship operators’ decision-making process.
14  The risk cost of a deficiency code is strongly related to the detention contribution of the deficiency
15  items under a deficiency code, as indicated by the feature importance of that code in the random forest
16  (RF)model used to predict detention outcome. To design ship maintenance plans, the sequential predict-
17  then-optimize (PO) method generally solves the optimization problem using the input parameters
18  including the predicted probabilities of having deficiency items under each code and the three types of
19  operational costs. However, the loss function in this two-stage framework does not consider the effect
20  ofpredictions on the downstream decisions. Hence, we use a smart predict-then-optimize (SPO) method
21  using an ensemble of SPO trees (SPOTs). Each SPOT uses an SPO loss function that measures the sub-
22  optimality of the decisions derived from the predicted parameters. By exploiting the structural
23 properties of the optimization problem analyzed in this study, we show that training an SPOT for this
24  problem can be simplified tremendously by using the relative class frequency of true labels within a
25  leaf node to yield a minimum SPO loss. Computational experiments demonstrate that the SPO-based
26 ship maintenance scheme is superior to other schemes and can reduce the total operating expenses of a
27  ship by approximately 1% over the PO-based scheme and by at least 3% over schemes that do not use
28 ML methods. In the long run, SPO-based ship maintenance plans also improve the efficiency of port
29  logistics by reducing the resources needed for formal PSC inspections and alleviating port congestion.
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1. Introduction

Maritime transportation is the backbone of international trade (Ng, 2015; Sun and Zheng, 2016).
Since 1982, port authorities have used port state control (PSC) to inspect foreign visiting ships as the
last line of defense against substandard ships. A ship condition found to be non-compliant with the
relevant convention(s) during a PSC inspection is deemed a deficiency (IMO, 2017). When port state
control officiers (PSCOs) identify critical deficiencies, the port state may detain the ship and may
require the ship to rectify these deficiencies before departing. Most studies of PSC have used ML
methods and PSC data to design inspection schemes for port authorities, examining how to implement
PSC inspections more efficiently, and discussing the effects of PSC inspections (Yan and Wang, 2019).
However, to the best of our knowledge, no studies have been conducted to examine how ship operators
can benefit from using ML technologies to analyze PSC record data.

For ship operators, ship detention is the most negative outcome of a PSC inspection, as it indicates
that the ship is in poor condition and is at risk of incidents and accidents. Furthermore, ship detention
delays shipping schedules (Yan et al., 202 1b). Maritime transportation delays are costly, with each day’s
delay consuming between 25% to 50% of a ship’s cargo value (Wang et al., 2021). Additionally, by
undermining the reputation of the ship’s flag state, recognized organization, and company, ship
detention leads to higher inspection rates of their ships in the future (Yan et al., 2021b). Hence, given
the impact of ship detention on safety, cost, and reputation, being able to identify high-risk ships that
have a greater number of deficiencies and conduct targeted ship maintenance before formal PSC
inspections is of profound value to ship operators. Furthermore, targeted ship maintenance is not only
beneficial to ship operators but can improve overall ship conditions, thereby reducing the resources
needed for formal PSC inspections (Xu and Lee, 2018). Reducing the number of detained ships will
also alleviate port congestion and improve the efficiency of port operations (Wang et al., 2018). In the
long run, targeted ship maintenance will improve maritime safety, the marine environment, and the
living and working conditions of the ships’ crew, thus achieving the objective of PSC. Therefore, there
is a need for studies using PSC data to design ship maintenance schemes that focus on ship operators’
decisions about which deficiency codes need to be inspected before formal PSC inspections.

When carrying out ship maintenance before formal PSC inspections, ship operators are concerned
with ship deficiencies, which are commonly assumed to be the primary cause of ship detentions (Wu et
al., 2021). When ship operators have limited ship maintenance resources, they are likely to prioritize
high-risk deficiencies that may warrant detentions. However, to the best of our knowledge, there are no
guidelines for detainable deficiencies except for the general descriptions given in International Maritime
Organization (IMO) Resolution A.1119(30) (IMO, 2017). Hence, before developing a framework for
designing ship maintenance schemes, we first conduct a preliminary analysis to examine the
contribution of each deficiency code to the detention outcome—the detention contribution of the
deficiency items under each code. We then transform this detention contribution into the risk cost of

having deficiency items under each code.
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Eruguz et al. (2017) classified the different maintenance strategies as corrective (failure-based),
preventive (schedule-based), and predictive (condition-based) maintenance. Our focus on how to design
maintenance schemes before formal PSC inspections using ML models and PSC data falls into the third
category. Traditionally, the predict-then-optimize (PO) framework is used for the third category, and it
consists of two stages: 1) predicting the probability of having deficiency items under each code using
ML models and 2) deciding whether to inspect each deficiency code by solving the downstream
optimization model built from the predictions. In the PO framework, the prediction model focuses on
minimizing the prediction error and ignores the impact of the prediction on the downstream decision.
In contrast, this study focuses on the ship operators’ objective of obtaining near-optimal ship
maintenance decisions while paying less attention to prediction error. We thus train ML models using a
loss function that minimizes the decision error by measuring the sub-optimality of the decisions
generated by the predictions.

To integrate the prediction task with the optimization task, Elmachtoub and Grigas (2021)
proposed a smart predict-then-optimize (SPO) loss function for a broad class of decision-making
problems. However, they found that training ML models using SPO loss was likely to be impossible
because of the nonconvex and discontinuous characteristics of the SPO loss function. The convex
surrogate loss function that they proposed, referred to as SPO+ loss, did not guarantee optimal decisions
but only provided an approximation for computational feasibility. In a subsequent study, Elmachtoub et
al. (2020) proposed an algorithm for training decision trees using SPO loss, called SPO trees (SPOTs).
In our study, we build on this tractable framework proposed by Elmachtoub et al. (2020) and construct
tailored SPOTs by exploiting certain structural properties of the optimization problem analyzed in this
paper. To improve decision performance, we then train an ensemble of SPOTs referred to as an SPO
forest (SPOF).

Our contributions can be summarized as follows. First, our study innovatively uses PSC data to
design ship maintenance plans for ship operators. When simulating ship operators’ decision-making
process, we consider the impacts of ship detention on them and identify three types of operational costs
associated with each deficiency code: inspection cost, repair cost, and risk cost. The ship maintenance
plans consider all three costs and the occurrence probability of having deficiency items under each code.
Second, the risk cost of each deficiency code is determined by the detention contribution of the
deficiency items under each code, obtained from a random forest (RF) model of ship detention
prediction. Deficiency codes with higher detainable risks are assigned higher risk costs. Third, rather
than using the PO framework, we build an SPO framework using an ensemble of SPOTs, which
minimizes the SPO loss by leveraging the optimization problem’s properties. By comparing our
proposed method to other ship maintenance schemes, we demonstrate its superiority.

The remainder of this paper is organized as follows. Section 2 reviews the related research. Section
3 introduces the preliminary concepts, including the ship maintenance planning problem in Section 3.1,

the basic introduction about ML models that we use in this paper in Section 3.2, and the method for
3
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determining the detention contribution of the deficiency items under each code in Section 3.3. Section
4 depicts the traditional PO framework, and based on this framework, Section 5 proposes the improved
SPO framework. Section 6 relates our proposed frameworks to existing studies that predict the
optimizer directly rather than the uncertain parameter in the optimization problem. Section 7 describes
the computational experiments used to compare different types of ship maintenance schemes. Section

8 concludes the paper and outlines future research directions.

2. Literature Review

Most studies of PSC have focused on improving the inspection efficiency of port authorities, as
current ship risk profile (SRP) schemes do not efficiently identify substandard ships. As a PSC
inspection can result in the identification of deficiencies and detention, many studies have sought to
improve inspection efficiency by developing methods for identifying ships with more deficiencies or
higher detention probabilities. For example, to assist the port state in identifying high-risk ships with
more deficiencies, Wang et al. (2019) developed a tree augmented naive (TAN) Bayes classifier to
predict the number of deficiencies of each ship. Chung et al. (2020) and Yan et al. (2021c¢) used the
Apriori algorithm to determine the type and sequence of deficiency codes that should be inspected. In
recent years, ship deficiency prediction models have been used to inform the allocation of scarce
inspection resources. That is known as the PSCO scheduling problem and has been studied by Yan et
al. (2020) and Yan et al. (2021a). In their research frameworks, Yan et al. (2020) first compared the
results of three RF models with different loss functions that predicted ship deficiency numbers under
four deficiency categories and then established optimization models for efficiently matching officers’
expertise with ship deficiency conditions. Subsequently, Yan et al. (2021a) improved prediction
performance by integrating shipping domain knowledge into an XGBoost model, and the downstream
PSCO scheduling models were modified to be more consistent with practice.

Xu et al. (2007a) were the first to develop a support vector machine (SVM) model to predict ship
detention using both generic and historic factors. A subsequent study by Xu et al. (2007b) enhanced the
prediction performance by introducing new features extracted from web mining technology into the
SVM model. Gao et al. (2007) further integrated the SVM model with the K-nearest neighbor model
and bag-of-words model to predict ship detention. Yang et al. (2018a) proposed a data-driven Bayesian
network (BN) model based on TAN learning to predict the ship detention probability of bulk carriers
under the Paris Memorandum of Understanding (MoU). To determine the optimal inspection policy for
a port, Yang et al. (2018b) incorporated the results of the ship detention prediction model into a game
model that considered both port authorities and ship operators. In a recent study, Wu et al. (2022) used
an SVM model to predict ship detention, where input features were selected using an analytic hierarchy
process (AHP) and a grey relational analysis (GRA) to improve prediction accuracy. Yan et al. (2021b)
used a balanced random forest (BRF) model to predict ship detention to address the issues caused by

the low-probability detention outcome.
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As mentioned above, some recent studies of PSC have integrated prediction and optimization (Yan
et al., 2020, 2021a). As we also combine prediction and optimization by training SPOTs, we briefly
review the research on training decision trees for personalizing decisions from a finite set of possible
options. Kallus (2017) trained trees with a loss function to maximize the effectiveness of the predictions
rather than minimize the prediction error. Bertsimas et al. (2019) studied a similar treatment
recommendation problem but adopted a weighted loss function to combine prediction and decision error.
Elmachtoub et al. (2020) considered a more general class of decision-making problems that could
involve a large number of decisions represented by a general feasible region. To train decision trees
under SPO loss, they proposed a tractable methodology called SPOTs. They claimed that SPOTs could
benefit from the interpretability of decision trees, allowing for an interpretable segmentation of a set of
contextual features with different optimal solutions to the optimization problem of interest. In a recent
study, Kallus and Mao (2022) also studied how to fit the forest policies in contextual stochastic
optimization problems to directly minimize the optimization costs. There are two major differences
between Elmachtoub et al. (2020) and Kallus and Mao (2022). The first one is the different splitting
rules for the nodes in a tree. Elmachtoub et al. (2020) split the nodes greedily, searching all possible
values of all the chosen features to find the optimal split. Kallus and Mao (2022) termed this method
the oracle splitting criterion. However, this method may lead to the problem of burdensome re-
optimization for every candidate split when applied to large-scale problems. Therefore, Kallus and Mao
(2022) proposed a computationally efficient node splitting method by leveraging a second-order
perturbation analysis of stochastic optimization for large-scale optimization problems and datasets. It is
possible that an increase in training efficiency is at the cost of a decrease in decision quality because
Kallus and Mao (2022) used approximate rather than optimal splitting methods. Therefore, we apply
oracle splitting rules that do not consume large computational resources for our problem because of its
moderate size and structural properties, and we generate high-quality optimal splits. The second
difference lies in the methods of prescriptive analytics. In our work, the PO and SPO frameworks still
first predict the uncertain parameters in the optimization problem and then derive the final decisions.
Hence, our method belongs to the parameter prediction category. However, Kallus and Mao (2022)
learned a direct policy mapping from features to the decision without considering the prediction of the
uncertain parameters. The method proposed by Kallus and Mao (2022) thus belongs to the optimizer
prediction category termed by Bertsimas and Koduri (2021). Moreover, their method is also termed the
weighted sample average approximation (w-SAA) method in Bertsimas and Kallus (2020). And in
Section 6, we will show that if we consider the same decision loss function when training the ML models
no matter using the parameter prediction method (i.e., PO and SPO frameworks) or the optimizer
prediction method (i.e., w-SAA method), the decisions prescribed from them are equivalent for our
studied problem. Therefore, their prescriptive qualities are the same. However, since the w-SA A method
needs to solve a weighted optimization problem considering all training instances when deriving the

final decisions, the scale of the weighted optimization problem is much larger than the optimization
5
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problem of the PO or SPO framework, leading to a much longer solution time. Therefore, we still adopt
the PO and SPO frameworks to reduce solution time.

Our research study contributes to both the literature on PSC and the literature on maintenance and
service logistics management. According to Eruguz et al. (2017), our research problem pertains to the
subdomains of maintenance strategy selection and maintenance planning. The maintenance strategy
selection subdomain focuses on selecting the best maintenance strategy for a system, part, or component
to find the optimal balance between the benefits of maintenance and related costs (Eruguz et al., 2017,
Goossens and Basten, 2015). The maintenance planning subdomain focuses on maintenance-related
tasks, such as inspections, replacements, repairs, and overhauls (Eruguz et al., 2017; Giorgio et al.,
2015). As there is no related study using PSC data to design maintenance schemes, our study is a specific
application of maintenance and service logistics management research, mainly tailored to PSC
inspections. Furthermore, as indicated by the “small amount of failure-related data” (Eruguz et al., 2017,
p. 186) characteristic of the maritime sector, scholars face a contradiction where successful preventive
maintenance entails preventing the collection of the historical data which we think we need in order to
decide what preventive maintenance we ought to be doing (Moubray, 1997). However, with open-source
PSC data, the conditions of all inspected ships can be reviewed and shared for academic research. More
literature surveys about other subdomains on the topic of maintenance and service logistics in the
maritime sector can be also found in Eruguz et al. (2017).

In summary, to the best of our knowledge, there are no existing studies that evaluate the value of
PSC data to ship operators, who are directly affected by the lack of attention to operations management
in global supply chains (Yang and Qu, 2016). As PSC inspection data are public, ship operators can
apply prescriptive analytics methods to these data to improve their decision performance in ship
maintenance planning. Identifying detainable deficiencies during ship maintenance would eliminate the
adverse impacts of ship detention on ship operators and improve the efficiency of port operations.
Therefore, in this study, we address three research gaps. First, the detention contribution of the
deficiency items under each deficiency code is innovatively studied to provide useful inputs for the
design of ship maintenance plans. Second, a new optimization objective function that minimizes the
operational costs of conducting ship maintenance is proposed, which is different from that of previous
PSC-related studies. Third, we innovatively apply the SPO framework in providing inspection
suggestions for port authorities, which is different from the ML mothods used in previous PSC-related

studies.

3. Preliminaries

In this section, we present the ship maintenance planning problem mathematically in Section 3.1.
Then, Section 3.2 describes basic information about classification and regression tree (CART) and RF.
At last, Section 3.3 introduces how to use the structure of decision trees to measure the detention

contribution of the deficiency items under each code, serving as a basis for determining the risk costs
6
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associated with the deficiency items under each code.

3.1 Ship maintenance planning problem

We first denote the number of ship deficiency codes as K and an individual ship deficiency code

as k (k=1,..,K) . A customized ship maintenance plan for an individual ship consists of K
recommended decisions, which are denoted as a vector W =(w,,...,w,,...,w, ), where w, is a binary

decision variable that equals 1 if an inspection is recommended for 4, and 0 otherwise. To simulate
ship operators’ decision-making process, we innovatively propose three types of operational costs:

inspection cost ( ¢, ), repair cost ( ¢, ), and risk cost (¢} ).

® The inspection cost ¢, includes manpower and material expenses associated with inspecting items

required by a deficiency code. If a ship operator decides to inspect the deficiency items under a

deficiency code, it incurs an inspection cost.

® The repair cost ¢, includes the manpower and material expenses if the deficiency items under a

code are identified. Considering that identified deficiencies of a ship in a PSC inspection may lead
to detention and thus cause huge reputational and economical losses (which will be considered in the
risk cost in the following) to a ship operator, we assume that a ship operator conducts repair work if

deficiency items are found under each deficiency code. For simplicity, we assume that all deficiency

codes have the same inspection cost ¢, and repair cost ¢, .

® The risk cost ci represents the loss to a ship operator when a PSCO finds specific deficiency items

under code k£ during a formal PSC inspection. The risk cost of a deficiency code contains two
components: indirect and direct costs. Indirect costs refer to the reputational damage to a ship
operator from the discovery of deficiency items under code because these identified deficiency items
are recorded in the public PSC system. Direct costs refer to the economic costs caused by a delay in
the shipping schedule if a ship is detained because of the identified deficiency items. Therefore, we
assume that the direct economic costs are related to the detention contribution of the deficiency items
under each deficiency code. Recall that there are no specific descriptions of detainable deficiencies
except for the general guidelines. In addition, according to the “List of Tokyo MoU Deficiency Codes”
(Tokyo MoU, 2019), all the deficiency items considered are extracted from important international
regulations and conventions that are proposed to monitor ship conditions from different perspectives.
The deficiency items under different codes are guaranteed to be of different nature and are exclusive
to each other. As deficiencies under different codes are classified independently, and having any
deficiency would definitely increase the detention probability of a ship, their contributions to the
detention decision can thus be regarded as independent as well. Therefore, we assume that each
deficiency code has a distinct and independent risk cost, derived from the PSC inspection records
using the feature importance method, which will be introduced in Section 3.3. Furthermore, although

PSCOs can fail to detect all deficiencies because of their negligence and lack of experience or their
7
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personal preference based on domain knowledge, it is difficult to obtain accurate data on this issue
because we do not know the ground truth of the inspected ships’ deficiency conditions. Actually, such
real-life conditions are nearly impossible to obtain because the recording of a deficiency by a PSCO
can be highly subjective. We can only use the deficiencies identified and recorded on each ship as
the ground truth. Therefore, to fully consider the possible risks that potential deficiencies may bring
to ship operators and to reduce the influence of PSCOs’ subjectivity, we assume that all items under
each code will be inspected and all deficiencies will be identified if a ship is chosen for inspection.
Let us consider the decision for a particular deficiency code % as an example. We let S, ={0,1}
denote the feasible region for the decision of whether to inspect £ . The decision-making problem can

be defined mathematically as

min z, (w,, p,) = min{w, (¢ + p,c;) + (L= w)p, (e + 1)}, (1)

where p, is the probability that a ship has deficiency items under code & . In Equation (1), ¢, + p,c,
represents the expected costs that a ship operator needs to pay if he/she decides to inspect &, and
p,(c, +c§‘ ) otherwise. After observing Equation (1), we find that the underlying decision problem
always has a unique solution except when p, =¢,/ci that leads to two different solutions 0 and 1

with identical objective function values ¢,(1+¢, /cl). We then let

: W: (py) =argmin{w, (¢, + p;c,)+(1-=w ) p, (¢, + Cé{)} . (2)

Wy €S,
denote the set of optimal solutions corresponding to z,(w,,p,), and let w,(p,) denote an arbitrary
individual member of the set W, (p,).

To derive the optimal decision for &, we need to obtain the following parameters: p,, ¢, c,,

and ¢} . As mentioned above, costs ¢, and c, are assumed to be identical for all deficiency codes

and risk cost ¢} can be determined based on the detention contribution of the deficiency items under
each code, elaborated in Section 3.3. Now, only p, is unknown when solving optimization problem

(1). To solve it, the classic approach is a two-stage PO framework, where the first stage uses an ML

model that minimizes the prediction error to predict p, and the second stage solves an optimization

problem that integrates p, with ¢, c,, and c; . However, this sequential PO framework cannot

guarantee that practitioners can obtain near-optimal decisions because the predicting (first) stage
focuses on minimizing the prediction error rather than on minimizing the decision error. Our study
therefore uses an SPO framework that modifies the loss function used in the ML prediction model to
minimize the excess operational costs that result from a (potential) sub-optimal decision under the
prediction model over the optimal decision under perfect information. These two frameworks will be

introduced in detail in Section 4 and Section 5, respectively.
8
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3.2 Introduction of CART and RF

We mainly use RF and its variant SPOF in this paper. RF is an ensemble of classification and
regression trees (CARTs). For one single CART, all of the training examples (data points with input
features and output target values) are first stored in the root node. The root node is then split into
descendent nodes containing the subsets of all training examples to reduce node impurity, as measured
by the Gini index (Breiman, 2001). A split generally depends on a selected feature and one of its values.
The splitting rule for classification is to maximize the decrease in the Gini index at each split.
Constructing a CART requires splitting the nodes to build a binary decision tree recursively and binarily
(Yan et al. 2021b). This process stops when all of the nodes contain training examples of the same
output value. However, this may lead to an overfitting decision tree. Therefore, we need to set stopping
criteria to prevent trees from becoming too complicated. We use two stopping criteria widely considered
to control tree dimension: the maximum depth of a tree (denoted by max depth) and the minimum
number of training examples per leaf (denoted by min samples leaf) (Breiman, 2000). The training
process terminates when no node can be further split or one of the stopping criteria is met. For a detailed
explanation of CART construction, refer to Breiman (2000) and Yan et al., (2021b).

Ensemble models are used to improve the performance of decision trees. RF is a typical ensemble
model that consists of multiple CARTs as weak learners. Compared with a traditional CART, there are
two components of randomization in an RF model. The first is that each tree is grown from a bootstrap
sample of the original dataset. The second is that a random subset of all the features is chosen to split
each node in a tree (Breiman, 2001). Therefore, an RF has two more hyperparameters to ensure the
randomness in the RF construction process other than the two hyperparameters used in constructing a
single decision tree: the number of CARTs in the RF (denoted by n estimators) and the number of
features considered in each split (denoted by max features) (Breiman, 2000).

3.3 Measuring the detention contribution of the deficiency items under each deficiency code

As mentioned above, we assume that the identified deficiency items under each code have a
positive and independent effect on a ship’s detention. To assist ship operators in allocating their limited
ship maintenance resources to deficiency codes with higher risks, we identify the risk cost of having
deficiency items under each code and relate the risk cost to the detention contribution of the deficiency
items under each code. Before we introduce the PO and SPO frameworks for solving Optimization

Problem (1), we first illustrate how to determine the detention contribution of deficiency items under
code k , which provides the criteria for determining the risk cost ke {l,...,K} {(x,,y,,d,)}., ¢,

We adopt the Gini index measure, which is a common feature importance method (Tjoa and Guan,
2021), to capture the detention contribution of the deficiency items under each code, obtained by
training an RF model to predict the detention outcome using a given dataset . In this dataset,

Y =(Viysees Viises Vi) » Where y, ;. takes a value of 1 if ship i has deficiency items under code

k (ke{l,..,K}) and 0 otherwise, and d, € {1,0} denotes a class label that takes the value of 1 if ship
9



321
322
323
324

325
326

327
328
329
330

331

332

333

334

335

336
337

338
339

340

341

342
343

344

345
346

347

348

i is detained and O otherwise. Therefore, this preliminary prediction is a classification task whose
feature importance can indicate the detention contribution of the deficiency items under each code. In
general, any feature in the node that can lead to a large decrease in the Gini index is considered important.
Accordingly, the Gini importance of a feature (whether there are deficiency items under code £ ) in
this task is first determined by summing all of the Gini index decreases at the nodes where the split
feature . k. falls into the RF and then normalized by the number of input features, namely the total
number of deficiency codes.

We now show how to compute the feature importance of code k& . The Gini index for node v is

defined as:

Gini(v)= Y, ref (v,d)1-ref (v,d)), (3)

de{0,1}
where rcf(v,d) denotes the relative class frequency for class d in node v and is calculated as

follows:

g(v,d)
2 gwd)’

d'e{0,1}

ref (v,d) = “4)

where class d €{0,1} takes the value of 1 if a data example is labelled with a detention outcome and
0 otherwise, and g(v,d) measures the number of training examples belonging to class ¢ that fall
into the same node v.

We then let v, and v, denote the left and right descendent nodes of node v. The Gini indexes
for nodes v, and v, are denoted as Gini(v,) and Gini(v,), respectively. Then, the Gini index

decrease in node v, denoted by I'(v), is calculated as follows:
I'(v) =Gini(v) - [% Gini(v,) + % Gini(v, )} , ®)]

where N, N,,and N, representthe numbers of data examples falling into nodes v, v,,and v,,
respectively.

To determine the feature importance of & using an RF model, we denote the set V, containing
nodes in the forest into which split feature k& falls. The feature importance of & is denoted by FI(k)

and is as follows:

FI(k)=) T (v). (6)

veV,
Finally, the normalized feature importance of code £, denoted by NFI(k), is as follows:

FI(k)

(7
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4. The PO Framework

Suppose that we have obtained the three types of operational costs ¢,, ¢,,and cj . To derive

w,(p,) where p, 1sunknown, we need to obtain the predicted probability of having deficiency items

under code k&, namely p, . As mentioned above, there are two frameworks for designing ship

maintenance plans that combine p, with ¢, c,, ct. In this section, we focus on designing ship

maintenance plans using the PO framework.

In the PO framework, predicting p, is achieved by training an independent RF model for code
k ,denoted as f,, using a given dataset {(x,,y,,)},. In this dataset, x, € R’ denotes a vector of ¢
ship-related features for ship i and y,, €{1,0} denotes a class label indicating whether ship i has

deficiency items under code k . Then, we use the following metric to evaluate the prediction accuracy:
Zgrier = Z (i)k,i - yk,i )2 . (8)
i=1

This metric is termed Brier score (Brier, 1950) as a strictly proper score function or strictly proper
scoring rule that measures the accuracy of probabilistic predictions.

Typically, there are two ways to predict the class probabilities p, using tree ensemble models

(i.e., RF), namely the average vote and the relative class frequency (Bostrom, 2008). The average vote
method defines a class probability distribution by averaging the unweighted class votes by the members
of the ensemble, where each tree votes for the most probable class. We note that this method does not
use the actual class probability distribution of the members, whose predictions may deviate from real
probabilities. The relative class frequency method defines a class probability distribution by averaging
the relative class frequency of the members of the ensemble. Bostrom (2008) verified that the relative
class frequency method significantly outperforms the average vote method in terms of both accuracy
and the area under the receiver operating characteristic (ROC) curve (AUC). However, he also found
that the average vote method could give lower Brier score than the relative class frequency. To obtain
predicted probabilities based on actual class probability distributions, we select the relative class

frequency method to estimate p, of a ship.

Denote the feature vector of a ship to be predicted as x, the trees in the ensemble for predicting
p, of the ship as ¢,...,¢,, , where M, denotes the number of trees, and the deficiency condition
under code k as y,. The relative class frequency of y, in the leaf node where x falls of an

individual decision tree ¢ (t € {t,,....,1,, }) 1s denoted as rcf, (£,X,y,):

g/:(t’xayk) (9)
> gitx,y;)

»'e{0.,1}

rCf}{(f,X,yk)Z

where g, (z,x,y,) measures the number of training examples belonging to y, that fall into the same
11
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leaf node as x in decision tree ¢. Then, p, can be measured by the relative class frequency RCF,
as follows:

My
Zrn:l ref, (t,.X,y, =1)

v (10)

ﬁk = RCEf({lla---’tM,‘ }3Xayk :1) =

k

While training the CARTs in the RF for predicting p, , we still adopt splitting rules which
maximize the Gini index reduction at each split. After the training of f, is completed, for a new feature

vector X,.., P, canbecomputed by averaging the relative class frequencies of the leaves where

new

X,., fallsinto.With p, .., ¢, ¢,,and ci, w, ., (P;...) canbe derived by solving Equation (1).

5. The SPO Framework

As the evaluation metric in the PO framework only measures the prediction error, this section
introduces the SPO framework. Section 5.1 demonstrates SPO loss. Section 5.2 introduces a simplified
method to train decision trees using SPO loss. Section 5.3 describes the general method for constructing
an ensemble of SPOTs.
5.1 SPO loss

By definition, SPO loss is measured not by the prediction error, but by the quality of the decisions
that are derived from the predictions. In our problem, the decision error should be measured by the extra
operational costs resulting from a (potential) sub-optimal decision under the prediction over the optimal

decision made under perfect information. Mathematically, we denote by p, the predicted probability

of having deficiency items under code & obtained from an ML model using SPO loss. We note that

the probability distribution of p, is different from that of p, because of the different splitting rules
induced by the adjusted loss function. We then denote by ¢, (w, (p}),y,) the actual incurred costs that
the ship operator needs to pay if the (potential) sub-optimal decision is w; (p;) when the true label is

y, . For our ship maintenance planning problem, ¢, (w,(p}),»,) can be in the following four forms:

op if w(p)=1y,=0,
0, if w(p)=0,y, =0,
¢+ ¢ if w(P)=Ly, =L

¢, ey, if w(p)=0,y, =1

¢, (Wi (p). )= (11)
In the first two forms, if a ship is free from deficiency items under code & (y, =0), and the prescribed
optimal decision is to not inspect deficiency items under code k (w;(p;)=0), the ship operator does

not incur any cost. However, if w,(p,)=1 and y, =0, a ship operator only has to pay ¢, for an

inspection. In the third and fourth forms, if a ship has deficiency items under code k£ (y, =1), and the
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prescribed optimal decision is to inspect the deficiency items under code k (w,(p;)=1), the ship
operator has to pay for the corresponding ¢, +c, . However, if w,: (p,)=0 and y, =1, the deficiency
items under code k& may be discovered during a PSC inspection, which leads to a penalty of ¢, +ci
to the ship operator. In summary, we denote ¢, =[c;,c;]" as a cost vector where c, =c, +c¢,), ,
ci=(c,+c)y, and T represents the transpose of a vector. We then denote
w, (P;)=[w,(P;),1=w,(p;)] asaprescribed optimal decision vector derived from the prediction p; .
Note that W, (p,) may contain more than one optimal solution associated with p'. Hence, the SPO

loss is defined with respect to the worst-case decision from a predicted p' as follows:

o (Pioy) = max {e,(w(5)), v)f = 7(7)
k €Wk \Pr . . (12)
= max {wk(pk)ck}_zk(yk);
W €Wy (Pr)

where W, (p;)e, represents the cost incurred from the prescribed optimal decision w,(p;) and

z,(y,) represents the perfect optimal cost if v, 1s known (Elmachtoub and Grigas, 2021).

According to Elmachtoub and Grigas (2021), training ML models under the SPO loss Equation
(12) is likely to be impossible, as this loss function is nonconvex and discontinuous in terms of the

predicted probabilities and the associated operational costs. In this study, inspired by the framework
proposed by Elmachtoub et al. (2020), training decision trees under SPO loss Ii,,(p,,»,) can be
greatly simplified by Theorem 1, which is discussed in the following section.
5.2 Construction of SPOT

We now describe a tractable method to train decision trees under SPO loss based on Theorem 1,
which states that letting p; be equal to the relative class frequency of y, =1 to aleafnode minimizes
the SPO loss in the leaf node.

Theorem 1. Let R, denote the set of examples falling into the leaf node e for code &,

_ (tx,y, =1 1 )

yk’e:rcfk(t,x, v, =)= & ( X,yk )' = Z Ve denote the relative class frequency of
Z & (t,%, ;) |Rk,e I'eRy
yielol)

y, =1 withinleafnode e,and €, =[c, +¢,5,,.(c, +¢;)y,.]" denote the average cost vector within
leaf node e. If Optimization Problem (1) corresponding to y,, has a unique minimizer, then y,,

minimizes the within-leaf SPO loss.

Proof: Let y, , be defined as stated in the theorem. We next show that the within-leaf SPO loss with
prediction y, , is a lower bound of that of any other prediction p; .
The following holds for any p,,:

13



z Zpo(ykuyk, Z lgPO(pkc’ykz

i'eRy, |Rk e

|ke

i eRk
1 Z 1
=r— max {Wk c, .,}—— max {wk c, }
IRy |G meemicio TR, R Gl
1 * — * — * — . .
=15 1 Z {Wk,e(yk,e)ck,i’} T 1 Z max {wk,eck,i’} (Because W, . (y,.) = {W;.(3.)} is a singleton)
|Rk,e i'eR, , |Rk,e i'eR; . We e Wi o (Pre)
<w, . (.) Z €, — max Z Wi eCri
ke |i'€R, Ve i «(Pie) |Rk e|i'eRy,
* — — —
= wk,e (yk,e)ck,e - max {Wk,eck,e}

Wee Wi e (Pie)

436 <0 (by the definition of w, ,(¥,.)) .
437 We show above that y, , achieves a minimum within-leaf SPO loss, thereby proving the theorem. o
438 Recall that y, , only has two optimal solutions in its corresponding decision problem when it

439  equals ¢ /ct. Empirically, to guarantee the uniqueness of the optimal solution given Vi.e» We can add

440  a small noise term to every cost vector in the training set (Elmachtoub et al., 2020). Therefore, we

441  assume that W, ,(¥,,) isa singleton for any feasible €,, in what follows.

442 Under the SPO framework and with the utilization of Theorem 1, the objective of any decision tree

443  training algorithm is to partition the training examples into L, leaves for code £ , and then the training

444 examplesinthe L, leavesarerepresentedas R, ,,...R,,,...R, ; =R, ,whose predictions minimize

445  the following loss function:

446 min —Z Z (Wke(yke)ck, zk(yk,)) (13)

Ru €T e=lieR; ,
447 where the constraint R, €T, requires that the allocation of examples to leaves, 1:L,, follows the

448  structure of the decision tree, and is determined through repeated splits of the feature components
449  (Elmachtoub et al., 2020). We next use the same procedure as in CARTs to find a reliable and quick
450  solution to Optimization Problem (13); that is, we use the recursive partitioning method to find the

451  decision tree that minimizes the decision error in the training set. Define x, ; as the jth input feature

452  component corresponding to the ith training example. Beginning with the entire training set, consider a

453  decision tree split (j,,s,) that represents a splitting feature component ;, and a splitting point s,
454  to partition the training examples into a left child node / and a right child node » forcode £ :

455 Rkvl(jk,sk) ={ie{l,2,..,n}| X, ; < s, and Rkvr(jk,sk) ={ie{l,2,..,n}| X, > Sits

456  if feature j, is numeric, and

457 R, ,(G>s)=tiell,2,...n}|x,;=s,} and R, (ji,s,)={ie{l,2,...n}|x,; #s},
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if feature j, is categorical. The first split of the decision tree is chosen by computing the pair (j,,s,)

to minimize the following optimization problem:

minl[ z (wz,l(.)_}k,l)ck,i_ZZ(yk,i))+ z (wz,r(.)_}k,r)ck,i_Z;(yk,i))J’ (14)

Jese n ieRy ) G »Sk) ieRy . (g sSk)
where y,, and y,, represent the relative class frequencies of y, =1 within the left child node /

and the right child node r, respectively.
Optimization Problem (14) can be solved by finding the split that has the minimum objective

function value among every possible split (j,,s,). From Theorem 1, the objective value of a split can

be computed as follows: 1) splitting the training examples according to a possible criteria, 2)

determining the relative class frequencies of y, =1 in two child nodes y,, and },,, and the
associated  w,,(¥,,) and w, (¥.,) , 3) deriving the corresponding incurred costs
W, ) Yie R (Gios,) and ¢, (w,,(¥,,), %), YieR (j;.s,) for each example in the

two child nodes, and 4) summing the SPO losses of each node and dividing the sum by #. After the
first split is chosen, the greedy split selection approach is then recursively applied to the resulting nodes.
During the training process, two stopping criteria widely considered in an RF are also applied to control
the dimension of an SPOT, namely the maximum depth of a tree (max depth) and the minimum number
of training examples per leaf (min samples leaf) (Breiman, 2000). The training process terminates when
no node can be further split or one of the stopping criteria is met.
5.3 Construction of SPOF

To improve the performance of SPOTs, we further consider training an ensemble of SPOTs,
denoted as SPOF. The procedure for constructing an SPOF is similar to constructing a classic RF and
uses the same two components of randomization. The first component is that each SPOT is grown from
a bootstrap sample of the training dataset. The second is that a random subset of all of the features is
chosen to split each node in an SPOT. After the training procedure is completed, given a new feature

vector X, ,the relative class frequencies of y, =1 in the leaves that x,, falls into in the forest are

averaged, and the optimal decision on whether to inspect k£ is determined based on the three types of
operational costs. At last, the SPOF is subject to two more hyperparameters similar to an RF, namely
the number of SPOTs contained in the SPOF (n estimators) and the number of features considered in

each split (max features) (Breiman, 2000).

6. A Different but Equivalent Prescriptive Analytics Perspective: Optimizer Prediction

From above analysis, for a new feature vector x our aim is to first obtain predictions

new °

Dinews K€{L,..,K} (Note that for simplicity, we do not distinguish between p, and p; in the
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following), whereas the SPO framework considers the impact of the predictions on the downstream
optimization problems while the PO framework does not. Then, we can obtain the optimal prescribed

decisions

W (X,,,) €argminz, (W, Py )> k€ {1,... K} (15)

wy €S,
These two frameworks both involve predictions p, ., Wwhen prescribing the final decisions w,(x,,,) -

Alternatively, skipping the intermediate parameter predictions, we can directly learn the forest-based
mapping from features to decisions, namely adopting the optimizer prediction method (Bertsimas and
Koduri, 2021). We next prove that, similar to Bertsimas and Kallus (2020) and Kallus and Mao (2022),
the decisions prescribed from the PO framework or the SPO framework are equivalent to the decisions
mapped from the RF-based policy or the SPOF-based policy, respectively.

Proposition 1. When the objective function z,(w,,p,) islinearin p,, for anew feature vector x

new

the PO framework or the SPO framework can prescribe decisions W, (x,,,,) that are equivalent to the

new

forest-based policy mapping W/ (x,,,) defined as follows:

new

wlf (Xnew) € arg rl;linZﬂi,k (Xnew)Zk (Wk’yk,i)’ (16)
W €Sk =1
1 & Iz, (x,)=t,(x,,)
ﬂi,k (Xnew) = [ ] (17)

M3y 1, (x) =1,(X,,)]
where #(x;)=1(x,,,) represents x, and x,, fall into the same node of tree ¢ in the forest, and
I[[0 is the indicator function that equals 1 if the condition is true and 0 otherwise.

Proof: Because z, (W, py) is linear in Dy , we can obtain

B (X0)zc (W v, ) = 2, (wk,ﬂl.’k (X ) Vi ) . Therefore, Equation (16) can be transformed into

Wy (X,,,) €argmin z, (Wk,Zﬂi’k (xnew)yk’,). (18)

Wi €Sy i=1

Substituting B ,(X,,,) by using Equation (17), we can obtain

1 g > () =1,(%,0,)] Ve
M, = z::ll[tm (x,)=t,(x,,)]
—LMI{ gl:f(tm’xnew’yk:l)

Mk m=l1 Z gl:r(tmﬂxnew’yl:t)

Z :Bi,k (X Vis =
im1

yiel0.1}
1 &
=—)> ref(¢,,X,,,, Y, =1 19
Mkmzzl f(m new yk ) ( )
= RCF, ({tysestyy, }+ X005V, =1)
:ﬁk,new'

Then, Equation (18) can be transformed into
16
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wl(x,,,)€argminz, (wk,f)k,new), (20)

w, €Sy

which is equivalent to Equation (15). We thus prove that the decisions w,(x,,,) prescribed from the

new

PO framework or the SPO framework are equivalent to the forest-based policy mapping W; (x,,,).LI

new

By observing Equation (17), we find that S, (X,,,) measures the similarity between historical
example x; and the new example x,, because a larger f,,(x,,,) represents that examples x,
and x,,, fall into the same nodes in more trees in the constructed forest. Therefore, B, ,(X,,,) is

generally termed “weight” in the literature, and Equation (16) can be seen as a weighted sample average
approximation (Bertsimas and Kallus, 2020). By comparing Equations (15) and (16), it is obvious that
solving Equation (15) is much easier than solving Equation (16) because Equation (16) considers all

training examples. Therefore, in our study, we still use Equation (15) to derive decisions.

7. Experimental Results

Section 7.1 describes the dataset that we use and the settings for each ML model. In Section 7.2,
we evaluate the detention contribution of the deficiency items under each code. We then show how to
determine the three types of operational costs, especially the risk cost. In Section 7.3, we compare the
average total operational costs and the single-code costs of five ship maintenance schemes. In Section
7.4, we conduct a sensitivity analysis of risk costs. In Section 7.5, we analyze feature importance of
input features under the SPOF. In Section 7.6, we analyze the trade-off between maintenance cost and
detention probability of the PO-based inspection scheme and the SPO-based inspection scheme.

7.1 Data description

The dataset for this study contains 3,026 records of PSC initial inspections during January 2015 to
December 2019 period at the Hong Kong Port and the corresponding ship-related factors. Hong Kong
Port is a member of the Tokyo MoU that governs the Asia-Pacific region. There are 17 deficiency codes
required by the Tokyo MoU (2020), as shown in Table 1. We focus on the first 16 deficiency codes that
describe specific inspection items and areas. The PSC inspection records are retrieved from the Asia
Pacific Computerized Information System® (APCIS) provided by Tokyo MoU, and the ship-related
factors are obtained from the World Shipping Register database”.

The preliminary analysis determines the detention contribution of the deficiency items under each
code, so we train an RF model with 16 input binary features indicating whether a ship has deficiency
items under each code and the output as the detention. The main work is to design ship maintenance
plans that cover these 16 deficiency codes, so we train an ML model for each deficiency code, which

inputs 14 features that are strongly related to ship condition in the literature (Yan et al., 2020, 2021b):

2 https://apcis.tmou.org/public/.
3 https://world-ships.com/.
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ship age, gross tonnage (GT), length, depth, beam, type, ship flag performance, ship recognized
organization performance, and ship company performance in Tokyo MoU, last PSC inspection time in
Tokyo MoU, the number of ship deficiencies in the last inspection in Tokyo MoU, the number of
detentions in all historical PSC inspections, the number of flag changes, and whether a ship has a
casualty in last 5 years. We follow the data processing method proposed by Yan et al. (2020; 2021b) for
these parameters.

Table 1. Description of deficiency codes in the Tokyo MoU

Code Meaning Code Meaning

D1 Certificates and documentation D10  Safety of navigation

D2 Structural condition D11  Life saving appliances

D3 Water/Weathertight condition D12  Dangerous goods

D4 Emergency system D13  Propulsion and auxiliary machinery
D5 Radio communication D14  Pollution prevention

D6 Cargo operations including equipment D15  International Safety Management (ISM)
D7 Fire safety D18  Labour conditions

D8 Alarms D99  Other

D9 Working and living conditions

Before training ML models, we randomly divide the whole dataset into a training set (80%, 2420
records) and a test set (20%, 606 records). We primarily use the RF or SPOF in this study, and we fix n
estimators in each ML model to be 200. A tuple of three hyperparameters needs to be tuned for these
models: max depth, max features, and min samples leaf. We use a grid search with 5-fold cross validation
on the training set to tune these hyperparameters in each ML model. The proposed models are
constructed using the training set and their performance is validated by using the test set.

7.2 Measuring each deficiency code’s risk cost

The preliminary analysis results show that the dataset is highly imbalanced, as it only contains 100
records showing detention (78 detentions in the training set and 22 detentions in the test set). Thus,
instead of using accuracy to evaluate the performance of the developed RF model, we adopt ROC AUC
as our main metric for evaluating the prediction performance. We follow common practice (e.g.,
Breiman, 2000; Yan et al., 2021b) to determine the search range and the optimal values for the three
hyperparameters, which are shown in Table A1 in the Appendix A. The ROC AUC score for the predictor
on the test set is 0.97, which verifies that it performs 94% better than random guessing. Then, we output
the normalized detention contribution of the deficiency items under each code based on the feature

importance method, as shown in Figure 1.
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D10 | 0.1640
D15 | 0.1595
D7 | 0.1472

D5 | 0.1046

D3 | 0.0787

D4 | 0.0736

D1 | 0.0623

D11 0.0590

D14 | 0.0511

D9 | 0.0365

D2 | 0.0194
D13 | 0.0187
D6 | 0.0146
DS [0 0.0083
D18 |1 0.0026

D12 | 0.0000 .

Deficiency code

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18
Detention contribution of the deficiency items under each deficiency code

Figure 1. Detention contributions of the deficiency items under 16 deficiency codes

Figure 1 shows that the five deficiency codes with the highest risk are D10, D15, D7, D1, and D3,
and the deficiency items under these codes are more likely to lead to detentions. Accordingly, it is
reasonable to assign higher risk costs to them. In contrast, the five deficiency codes with the lowest risk
are D12, D8, D18, D6, and D13; accordingly, their risk costs are lower. As we cannot obtain accurate
values for the three types of operational costs, we measure these costs in units. Following Knapp (2007),
who estimated that the average inspection cost is USD 506 when there are no deficiencies and USD 759
when deficiencies (which may involve more procedures and repair work) are found in a PSC inspection
at the port, we approximate the inspection and repair costs at two units and three units, respectively
(because 506:759 = 2:3). As repair work requires more human and material resources than inspection,
it is reasonable to assign a higher value to repair costs than inspection costs. As mentioned in Sections
1 and 3.1, risk cost is divided into reputation cost and detention cost. Reputation cost refers to the
reputational damage to a ship operator brought about by the recording of deficiency items in the public
PSC information system. The recorded deficiency items indicate that the ship operator cannot guarantee
the navigation safety of its ships and can thus lead to higher rates ship inspections in the future because
the detention and deficiency history of all ships in an operator’s fleet affects the ship operator’s
performance (Tokyo MoU, 2014). As the effect of detention on reputation is long-lasting and cannot be
easily erased once the deficiency items are recorded in the system, we first estimate reputation cost,
denoted as ¢, , to be five units in benchmark experiments, which is greater than the inspection cost and
the repair cost, respectively. We will conduct sensitivity analysis in Section 7.4 to analyze the impact
of reputation cost. Next, the detention cost of the deficiency items under each deficiency code is

approximated as its detention contribution multiplied by an adjustable factor A. This adjustable factor
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converts the normalized detention contribution into detention cost and can be adjusted according to the
ship operators’ preference. If a ship operator is risk-averse, it would consider improving the risk costs

by increasing the value of 4. Conversely, if a ship operator is risk-neutral or risk-appetitive, it would
consider decreasing the risk costs by decreasing the value of 4. We will conduct sensitivity analysis

in Section 7.4 to analyze the impact of 1. Mathematically, the parameters ¢,, c,,and ci for k are

as follows:
¢, =2 (units), 21
¢, =3 (units), (22)
¢t =c, + NFI(k)x A (units). (23)

In our benchmark experiments, we set ¢. =5 and A =100, which means that if the deficiency

items under a code causes detention, its detention cost is 100 units. Therefore, the detention cost is 50
times greater than the inspection cost, 33.33 times greater than the repair cost, and 20 times greater than
the reputation cost. Based on the detention contributions shown above, the risk costs of having

deficiency items under each code when A =100 are shown in Figure 2.

D10 21.4016
D15 20.9482
D7 19.7231
D5 15.4587
D3 12.8669
D4 12.3581
D1 11.2292
D11 10.9028
D14 10.1052
Do 8.6506
D2 6.9408
D13 6.8662
D6 6.4558
D8 5.8288
Disg 5.2638
D12 5.0001

Deficiency code

0.0000 5.0000 10.0000 15.0000 20.0000 25.0000
Risk cost of each deficiency code when A=100 (units)

Figure 2. Risk costs of 16 deficiency codes when 4 =100

7.3 Comparison of ship maintenance schemes

Considering the three types of operational costs, we make ship maintenance decisions for ships in
the test set. We compare five different types of ship maintenance schemes. The first scheme is the
random inspection scheme (RIS), where each deficiency code has a 50% chance of being inspected.
The second scheme is the no inspection scheme (NIS), where ship operators do not perform any ship

maintenance. The third scheme is the overall inspection scheme (OIS), where ship operators inspect all
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deficiency codes. The fourth scheme is the PO scheme (POS). The fifth scheme is the SPO scheme
(SPOS). In the benchmark experiments, we set 4 =100 . For RF and SPOF models, we set n estimators

= 200 and set the search range for max features as {2,3,4,5,6,7}, for max depth as {2,3,4,5,6,7,8,9,10},
and for min samples leaf as {1,2,3,4,5,6,7}. The best hyperparameter tuples for each model are shown
in Table A2 in the Appendix A. We then use the optimal hyperparameters to construct each ML model

on the whole training set and compute the single-code actual costs c,(w,(p,),,) incurred by the
decision w,(p;) for a ship in the test set. The total incurred operational costs for a ship would be

Z c,(w,(p}),y,). The average total incurred operational costs of five ship maintenance schemes

for the test set are shown in Figure 3.

» SPOS 24.8817
8 B

'3 POS 27.7837

é B

£ oIS 40.3911

= -

2 NIS 47.6474
= i

4 RIS 44.0192

0.0000 10.0000 20.0000 30.0000 40.0000 50.0000
Average total operational costs (units)

Figure 3. Average total operational costs of five ship maintenance schemes for the test set

As Figure 3 shows, the SPOS outperforms the other four ship maintenance schemes in terms of
the average total operational costs. The SPOS reduces the average total operational costs by 43.22% on
average compared with ship maintenance schemes that do not apply artificial intelligence methods, such
as the RIS, NIS, and OIS. Compared to the POS, the SPOS reduces the average total operational costs
by 10.44%, which demonstrates the superiority of SPO loss function that considers decision error. Next,
we list the average single-code costs of the five ship maintenance schemes for the test set in Table 2;
the proportions indicate the percentage of ships in the test set with deficiency items under each code

and gaps 1 to 4 are the cost savings of the SPOS over the RIS, NIS, OIS, and POS, respectively.
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Table 2. The average single-code costs of five ship maintenance schemes for the test set

Deficiency Risk cost Average single-code cost (units)
Proportion Gap 1 Gap2 Gap3 Gap4 Standard deviation of 4 gaps

code (units) RIS NIS OIS POS  SPOS

D1 16.72% 11.2292  2.5211 25124 2.5297 2.1785 1.8262 27.56% 27.31% 27.81% 16.17% 0.06
D2 3.44% 6.9408 1.2349  0.3609 2.1089 0.3609 0.2520 79.59% 30.17% 88.05% 30.17% 0.31
D3 23.46% 12.8669 3.3350  3.9275 2.7426 2.6652 2.5188 24.47% 35.87% 8.16%  5.49% 0.14
D4 20.22% 12.3581 2.7570  2.9398 2.5743 23800 2.1055 23.63% 28.38% 18.21% 11.53% 0.07
D5 16.69% 15.4587 2.6466  2.8328 2.4604 2.3385 1.9129 27.72% 32.47% 22.25% 18.20% 0.06
D6 1.02% 6.4558 1.0617 0.0936 2.0297 0.0937 0.0639 93.98% 31.75% 96.85% 31.80% 0.37
D7 47.32% 19.7231 7.4520 11.3991 3.5050 3.5050 3.5050 52.97% 69.25% 0.00%  0.00% 0.36
D8 4.86% 5.8288 13123  0.4662 2.1584 0.4663 0.3078 76.55% 33.98% 85.74% 33.99% 0.27
D9 28.42% 8.6506 3.2242  3.5375 29109 2.8160 2.5246 21.70% 28.63% 13.27% 10.35% 0.08
D10 38.60%  21.4016 6.2904 9.4224 3.1584 3.1584 3.1518 49.90% 66.55% 0.21% 0.21% 0.34
D11 32.49% 10.9028 3.9984  4.9325 3.0644 3.1248 2.9447 26.35% 40.30% 3.90% 5.76% 0.17
D12 0.33% 5.0001 1.0091 0.0132 2.0050 0.0132 0.0083 99.18% 37.13% 99.59% 37.12% 0.36
D13 8.96% 6.8662 1.6157 09443 22871 0.9447 0.6572 59.32% 30.40% 71.27% 30.43% 0.21
D14 16.56% 10.1052  2.4484 23572 2.5396 22037 1.8305 25.24% 22.34% 27.92% 16.94% 0.05
D15 6.11% 209482 1.8894  1.5807 2.1980 1.2077 1.0640 43.69% 32.69% 51.59% 11.90% 0.17
D18 4.49% 5.2638 1.2230 0.3273 2.1188 0.3271 0.2085 82.95% 36.29% 90.16% 36.26% 0.29
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The findings from Table 2 are as follows. First, the SPOS outperforms the other four ship
maintenance schemes on all of the deficiency codes. This result indicates that the average total
operational costs of maintaining all of the codes using the SPOS must be lower than the average total
costs of randomly adopting the other four schemes to maintain these codes. Second, after analyzing the
cost savings of the SPOS over the other four maintenance schemes on all 16 deficiency codes, we find
some obvious differences between the deficiency codes related to their proportions and respective risk
costs. We further illustrate the values of gaps 1 to 4 of each deficiency code in Figure 4. Note that the
purpose of this line chart is not to reflect the development trend of values from gaps 1 to 4, but to
highlight the differences and facilitate comparison. The fluctuations in these lines are also used to
classify deficiency codes in the following analysis. Moreover, the smoothness of the lines, as indicated
by the standard deviation shown in Table 2, is also one of the criteria for classification. Therefore, based
on the deficiency codes’ proportions, risk costs, gap values, and standard deviations, we roughly classify
the deficiency codes into three categories, illustrated using the different lines in Figure 4. Table 3

summarizes the codes in each category and their main characteristics.
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Proportions of average single-code
operatioanl cost savings

10.00% |

0.00%

Gap1 Gap 2 Gap 3 Gap 4

Figure 4. Cost savings of average single-code operational costs for 16 deficiency codes

Category I contains deficiency codes that have a high average proportion and average risk cost and
includes D3, D7, D10, and D11. The cost savings from adopting the SPOS are relatively modest for
these deficiency codes, especially as indicated by the values of gap 3 and gap 4. This is because cost-
conscious and risk-averse ship operators will increase their efforts to inspect these risky deficiency
codes and minimize risk costs. Category Il contains D1, D4, D5, D9, and D14, which have a medium
average proportion and average risk cost. Furthermore, as shown by their smooth lines in Figure 4, the
standard deviations of the four gaps of these codes are within 0.1. This result indicates that for these
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deficiency codes, the SPOS has a relatively stable advantage over the other four ship maintenance
schemes. Category III contains D2, D6, D8, D12, D13, D15, and D18, which have a low average
proportion and average risk cost. As shown by the values of gap 1 to gap 4, the SPOS can generate
significant cost savings for the third category of deficiency codes over the other four schemes. When
managing these deficiency codes, ship operators must consider that the NIS may introduce certain risks,
while the OIS and the RIS may result in a waste of ship maintenance resources. Although ship operators
can use the ML method to predict the probabilities of having deficiency items under these deficiency
codes, the POS assigns low predicted probabilities to them because of their low probabilities of
occurrence; in this way, the POS prescribes decisions similar to those prescribed by the OIS. Therefore,
the superiority of the SPOS is demonstrated by the fact that the minimum cost savings associated with

the deficiency codes in category III are greater than 30% compared with the other four schemes.

Table 3. The category of deficiency codes and their characteristics

Category Deficiency codes Characteristics

High average proportion (35.47%)
High average risk cost (16.22 units)
I D3, D7, D10, D11 . i
“Medium-high-low-low” shape of gap values

High average standard deviation (0.25)

Medium average proportion (19.72%)

Medium average risk cost (11.56 units)
I D1, D4, D5, D9, D14

Smooth shape of gap values

Low average standard deviation (0.06)

Low average proportion (4.17%)
Low average risk cost (8.19 units)

I D2, D6, DS, D12, D13, D15, D18 _ _ ) _
“High-medium-high-medium” shape of gap values

High average standard deviation (0.28)

In summary, the SPOS helps ship operators reduce operational costs in ship maintenance for all
deficiency codes. Considering the different cost savings brought about by the SPOS for different
deficiency codes, we strongly recommend that ship operators invest more monetary and human
resources in developing intelligent SPO alarm systems for the deficiency codes in categories II and III
because they can always be overlooked due to their medium proportions and risk costs. Installing
intelligent alarm systems for these two categories will help ship operators identify these infrequent
deficiencies in advance and save on maintenance costs. For the codes in category I, due to their
proportions and risk costs, intelligent alarm systems combined with regular maintenance is the best way

to prevent detentions.
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7.4 Sensitivity analysis of risk costs

We now adjust the values of ¢, and A, respectively, to conduct sensitivity analysis on risk costs.
For reputation cost c,, the candidate value is from set {3,5,8,10}. For parameter A, the candidate
value is from set {50,100,150,200,250} . Figures 5 and 6 show the cost savings of the average total
operational costs under different values of ¢, and A, respectively. The following observations and

conclusions can be drawn. First, the results confirm that the SPOS consistently outperforms the other

four schemes. Second, with the increase of ¢, and A, respectively, both gaps 1 and 2 show an upward

trend. Intuitively, we see that as the risk costs increase, ship operators pay more for inaction, which is
similar to the RIS and NIS. In contrast, both gaps 3 and 4 show a downward trend with the increase of
reputation cost and A, respectively, which means that the cost savings gained from the SPOS over the
OIS and POS decrease as risk costs escalate. If the risk costs approach infinity, both the POS and SPOS
would resemble the OIS; that is, the best strategy would be to inspect all deficiency codes. Furthermore,
as the cost associated with ship maintenance and repair operations is around 10% of the total operating
expenses of a ship and it can increase up to 20-30% for old ships (Seaplace, 2020), the SPOS can save
approximately 1% more of the total operating expenses than the POS and at least 3% more than the
schemes that do not use ML methods. To conclude, the above results verify the superiority of SPOS in

reducing the overall operational costs over other schemes.
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Figure 5. Cost savings of the average total operational costs under different values of A
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7.5 Feature importance of input features under the SPO framework

In this section, we analyze the feature importance of the 14 input features under the SPO
framework to ascertain their contribution to ship maintenance decisions. When analyzing the
contribution of the 14 input features to ship maintenance decisions, we use SPO loss as the node
impurity measure to determine the detention contribution of the deficiency items under each code
instead of the Gini index. That is, a feature in the node associated with a greater decrease in the SPO
loss is considered more important. Accordingly, the feature importance of an input feature is determined
by summing all of the decreases in SPO loss at the nodes where the input feature falls into the RF and
is then normalized by the number of input features. Thereafter, we obtain the importance of the input
features for each code, as Figure 7 shows. As ship type is a nominal feature and there are six main ship
types, we follow Yan et al. (2021a) and use one-hot coding to derive six new binary features when
training the ML models. Therefore, the importance of ship type can be weakened, and its real importance
value should be greater than that shown in Figure 7.

Regarding these input features, we find that inherent ship features, such as ship age, GT, beam,
depth, length, and ship type, play a vital role in the final ship maintenance decisions, which is within
our expectations. For example, an older ship would have more deficiency items than a young ship when
all of the other conditions are identical or similar. Furthermore, historical PSC inspection records
provide valuable information regarding a ship’s performance because features such as last inspection
time, last deficiency number, and the number of historical detentions contribute to the final ship
maintenance decisions. Last, among the parties considered to be important indicators of ship

performance under the new inspection regime of Tokyo MoU, such as flag state performance,
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recognized organization performance, and ship company performance, only ship company performance
shows a significant contribution to the final ship maintenance decisions. This result indicates that there
may be a paradox in the criteria set by the Tokyo MoU, which should be investigated further. These
findings are valuable to ship operators because they can inform and clarify the features that should be

focused on when conducting regular maintenance.
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Deficiency code/

Ship_age GT Length Depth Beam Ship_type NFC* NDA* WSC* SFP* SROP* SCP* LT* LDN*
Input features
D1 0.051 0.140 0.120 0.126 0.158 0.053 0.001 0.045 0.001 0.112 0.079 0.054 0.021 0.041
D2 0.056 0.102 0.113 0.111 0.134 0.089 0.005 0.107 0.001 0.043 0.050 0.055 0.070 0.062
D3 0.139 0.146 0.119 0.154 0.112 0.035 0.002 0.057 0.003 0.014 0.008 0.045 0.090 0.075
D4 0.101 0.186 0.108 0.113 0.103 0.022 0.001 0.037 0.000 0.022 0.001 0.133 0.063 0.112
DS 0.061 0.107 0.115 0.091 0.104 0.152 0.006 0.065 0.006 0.030 0.021 0.089 0.078 0.075
D6 0.092 0.103 0.101 0.093 0.079 0.051 0.004 0.126 0.008 0.071 0.040 0.032 0.093 0.107
D7 0.084 0.151 0.130 0.134 0.135 0.071 0.003 0.050 0.003 0.017 0.010 0.068 0.074 0.070
D8 0.083 0.111 0.125 0.113 0.106 0.074 0.011 0.047 0.010 0.018 0.014 0.041 0.165 0.082
D9 0.061 0.133 0.124 0.133 0.134 0.081 0.005 0.049 0.005 0.026 0.009 0.062 0.086 0.093
D10 0.070 0.135 0.131 0.123 0.124 0.104 0.004 0.042 0.004 0.019 0.008 0.082 0.073 0.083
D11 0.053 0.119 0.132 0.132 0.128 0.140 0.003 0.047 0.004 0.027 0.008 0.074 0.070 0.061
D12 0.081 0.191 0.147 0.091 0.122 0.024 0.003 0.046 0.010 0.000 0.000 0.036 0.158 0.091
D13 0.201 0.043 0.046 0.078 0.052 0.014 0.005 0.186 0.008 0.014 0.001 0.069 0.101 0.184
D14 0.088 0.122 0.136 0.138 0.135 0.064 0.006 0.051 0.005 0.039 0.009 0.069 0.071 0.067
D15 0.059 0.127 0.130 0.100 0.120 0.086 0.002 0.098 0.001 0.040 0.028 0.082 0.056 0.070
D18 0.285 0.099 0.107 0.072 0.121 0.044 0.006 0.012 0.002 0.001 0.004 0.029 0.202 0.015
Average 0.098 0.126 0.118 0.113 0.117 0.069 0.004 0.067 0.004 0.031 0.018 0.064 0.092 0.081

*NFC: the number of flag changes; NDA: the number of detentions in all historical PSC inspections; WSC: whether a ship has a casualty in last 5 years; SFP: ship flag performance; SROP:
ship recognized organization performance; SCP: ship company performance; LT: last PSC inspection time in Tokyo MoU; LDN: the number of ship deficiencies in the last inspection in

Tokyo MoU.

Figure 7. Feature importance of input features under the SPO framework for different deficiency codes
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7.6 The trade-off between maintenance cost and detention probability of POS and SPOS

When characterizing ship operators’ inspection decisions, our study assumes that they need to
make a trade-off between the maintenance cost (including inspection cost and repair cost) and the risk
cost (which is influenced by the detention contribution of having deficiency items under each code). In
doing so, the designed optimization problem can be plugged into the training process of SPOF, which
shows great superiority in reducing the overall operational costs. To better investigate the real decision
process of ship operators, we further divide the designed optimization problem into two stages. First,
ship operators make a ship’s inspection decision about whether to inspect each deficiency code. If they
decide to inspect items under a deficiency code, it would incur an inspection cost. Meanwhile, if
inspected items are deficient, we assume that the ship operator would repair them and spend a repair
cost. After the inspection and repair work, identified deficiencies would be repaired and the ship’s
condition would be improved, decreasing its detention probability in the formal PSC inspections. Hence,
the inspection decision influences the trade-off between the maintenance cost and the detention
probability. It is easy to imagine that an OIS would incur the highest maintenance cost but lead to the
lowest detention probability, while a NIS would do it conversely. Following this notion, we assume that

a ship operator intends to inspect k'e{l,...,16} deficiency codes randomly using SPOS and POS.

16 16
Therefore, there would be 2 x Z(k 'J =131,072 possible combinations. We then compute the average
k'=1

maintenance cost and the average detention probability of each combination using the test set, where
the computing procedure of obtaining the lists of average maintenance cost and detention probability is
shown in Appendix B. We then draw trade-off curves to determine the Pareto-optimal combinations
based on the obtained lists, which are shown in Figure 8. Under Pareto optimality, a combination is
considered dominated if there is another combination that has a lower average maintenance cost or a
lower average detention probability (Merdan et al., 2021). We can see that the Pareto frontier formed
by the combinations using SPOS almost completely covers the Pareto frontier formed by the
combinations using POS. It represents that adopting an SPOS-based inspection combination always
leads to a lower maintenance cost and a lower detention probability than adopting a POS-based

inspection combination. Therefore, the superiority of SPOF is again verified.
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Figure 8. Pareto frontier of inspection combinations using POS and SPOS

8. Conclusions and Future Research Directions

Due to the development of machine learning technologies and the availability of PSC data, many
studies have been conducted to improve the efficiency of PSC inspections for port authorities. In
contrast, this study designs ship maintenance plans for ship operators with the aim at minimizing the
overall operational costs. The targeted and cost-effective ship maintenance plans would also improve
the efficiency of port operations by reducing the resources needed for formal PSC inspections and
relieving port congestion. When simulating ship operators’ decision-making process, we consider the
impacts of ship detention on ship operators and innovatively examine three types of operational costs
separately: inspection cost, repair cost, and risk cost. In particular, the risk cost of having deficiency
items under each code is determined by its detention contribution. Instead of using a PO framework,
we propose an SPO framework that adopts an SPO loss function that minimizes the decision error.
Computational experiments demonstrate that when the detention cost is 50 times greater than the
inspection cost, the average total operational costs derived from the proposed SPO-based scheme are
on average 43.22% lower than those derived from ship maintenance schemes that do not use artificial
intelligence algorithms and are also 10.44% lower than those derived from the PO-based scheme.
Analyses of the average single-code cost savings under the SPO-based scheme indicate that the SPO-

based scheme is significantly superior to the other ship maintenance schemes. Furthermore, through a
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sensitivity analysis of risk costs, we find that the SPO-based scheme can reduce the total operating
expenses of a ship by approximately 1 % compared to the PO-based scheme and at least 3% compared
to the schemes that do not use ML methods. Finally, the superiority of the SPO framework is further
verified by analyzing the trade-off between maintenance cost and detention probability of the SPO-
based scheme and the PO-based scheme.

As the first study to propose ship maintenance plans for ship operators, this paper paves the way
for future research. First, because of the varied expertise of PSCOs, PSC inspections at different ports
have regional characteristics. For example, there may be subjective differences between the PSCOs
regarding the criteria for recording a deficiency. In the future, PSC data at multiple ports can be used to
generate a more robust ship maintenance plan. Second, future studies could design ship maintenance
plans that consider more practical constraints, including but not limited to operational costs, ship
maintenance time slot requirements, and the skills of maintenance crews for the deficiency conditions.
On the one hand, when formulating the ship maintenance problem, we can further consider the repair
decision of ship operators when they make trade-offs between the repair cost and risk cost for an
identified deficiency. This consideration may transform the original one-stage optimization problem
into a two-stage optimization problem where the solution complexity increases. Under this challenge,
model transformation techniques would be needed when the optimization problem is plugged into the
training process of ML models under the SPO framework. On the other hand, ship operators can obtain
more accurate values of the three types of operational costs considering the requirements of different
ship operators and ship types by consulting industrial experts. Third, instead of making inspection
decisions separately for each deficiency code, we can further plug the RF model used to predict ship
detention probability into the training process of the SPOF. In doing so, we can model the risk cost as
a comprehensive value influenced by the overall ship condition to consider the nonlinear relationship
between having deficiencies under each code and the final detention outcome. And this comprehensive
risk cost would influence the inspection decision backwardly in a coupled manner, and thus further
influence the training process of the SPOF. Meanwhile, it is not hard to imagine that this methodology
would no doubt need huge computational resources because the studied problem is transformed into a
multi-output prescriptive problem with correlated optimization targets, and we need to call the detention
probability predictor millions of times for all possible inspection schemes and all possible node splitting
rules when training the SPOF. Therefore, we may further consider adopting an approximate splitting
rule when constructing the prescriptive trees and reducing the size of inspection scheme pool by
heuristics. Third, the SPO framework proposed in this study can be modified for the design of inspection
plans for PSCOs in formal PSC inspections by considering the corresponding optimization objectives
of PSC authorities. Finally, the SPO framework can be applied to other ML algorithms by taking
advantage of their structural features. Their decision-making performance of these alternative ML

algorithms for ship maintenance planning should be compared.
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924  Appendix A. Hyperparameters Tuning
925 Table Al. Hyperparameters tuning in the RF model for detention probability prediction

Hyperparameters Search range Optimal value

max depth from 2 to 8 8
max features from 2 to 7 2
min samples leaf  from 2 to 8 3
926
927 Table A2. Best hyperparameter tuples for ML models to derive ship maintenance plans
Deficiency code max depth max features min samples leaf
RF SPOF RF SPOF RF SPOF
D1 2 5 2 2 1 2
D2 2 10 2 6 3 6
D3 8 10 2 4 1 3
D4 4 6 4 6 3 4
D5 7 4 2 2 1 5
D6 2 10 3 6 1 6
D7 9 10 2 6 6 6
DS 3 10 5 6 1 6
D9 8 3 2 5 5 1
D10 10 10 2 5 5 1
DIl 5 8 2 3 2 3
D12 10 10 5 6 4 6
D13 2 10 6 6 3 6
D14 2 2 3 1 3
D15 2 4 5 2 2 4
D18 9 10 5 6 2 6
928
929
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930  Appendix B. Procedure of Obtaing the Lists of Average Maintenance Cost and Detention
931  Probability
Input: Predictor for predicting the probability of having deficiency items in code k£, ke{l,...,K};

Predictor for predicting the detention probability; test set {(X,,¥,,d;)}\, -
Output: The average maintenance list avg cost and the average detention probability list
avg_det prob.

1. Initialize avg_cost=[], avg_det prob=[], {y,}., ={(Fs-0r Vs )i =D
2. For k'e{l,..16}:

3. Formulate all combinations containing k' deficiency codes among K deficiency codes,
denoted by Q.

4 For each combination geQ:
5 For deficiency code kegq:
6. For test ship ie{l,...,n}:
7 Prescribe the inspection decision w,:i for code k ofship i using x,.
8 If w,,=1:
9 Incur an inspection cost ¢;; =2.
10. If y,,=1:
11. Repair the deficiencies and let y, , =0.
12. Incur a repair cost ¢, =3.
13. End
14. Else:
15. j’k,i = Vi~
16. End
17. End
18. End
L Zkeqzr:l(cl,i + CZ,iyk,i)W;,i
19. Compute average cost for combination g avg_cost, = .
n
20. Append avg_cost, into avg_cost.
21. For ke K\{q}:
22. For ie{l,..,n}:
23. j}k,i =Vki-
24. End
25. End
26. For ie{l,..,n}:
27. Predict the detention probability p,,, of ship i §,.
28. End
29. Compute  the average detention probability for  combination q
avg_det prob, = @
n
30. Append avg_det prob, into avg_det prob.
31. End
32. End

33. Output avg cost and avg det prob.

932  Note: We should train predictors using training dataset before this procedure.
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