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Abstract

Purpose — Port throughput analysis is a challenging task, as it consists of intertwined interactions between
a variety of cargos and numerous influencing factors. This study aims to propose a quantitative method to
facilitate port throughput analysis by identification of important cargos and key macroeconomic variables.
Design/methodology/approach — Mutual information is applied to measure the linear and nonlinear
correlation among variables. The method gives a unique measure of dependence between two variables by
quantifying the amount of information held in one variable through another variable.

Findings — This study uses the mutual information to the Port of Isafjordur in Iceland to underpin the port
throughput analysis. The results show that marine products are the main export cargo, whereas most imports
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are fuel oil, industrial materials and marine product. The aggregation of these cargos, handled in the port,
meaningfully determines the non-containerized port throughput. The relation between non-containerized
export and the national gross domestic product (GDP) is relatively high. However, non-containerized import is
mostly related to the world GDP. The non-containerized throughput shows a strong relation to the national
GDP. Furthermore, the results reveal that the volume of national export trade is the key influencing
macroeconomic variable to the containerized throughput.

Originality/value — Application of the mutual information in port throughput analysis effectively reduces
epistemic uncertainty in the identification of important cargos and key influencing macroeconomic variables.
Thus, it increases the reliability of the port throughput forecast.

Keywords Iceland, Macroeconomics, Mutual information, Port throughput

Paper type Research paper

1. Introduction

Demand projection and selection of promising markets play an important role in the port
planning process (Geweke and Whiteman, 2006). Identification of the key cargo for a port
characterizes the strategy and direction of port planning projects and aids the preliminary
design of basic infrastructure (Chen et al,, 2016). Financial viability and infrastructure-based
investments should be supported by potential (cargo) demands (De Langen et al, 2012).
Appropriate investment in port capacity, based on the promising cargos, helps to win
market share and strengthen the competitive position of the port (Taneja et al.,, 2010). On the
other hand, inaccurate statements about the likely course of demand lead to an improper
development plan (Peng and Chu, 2009).

Port throughput analysis prior to resource allocation decisions in port capacity planning
and development is critical. The information about the flow will have a substantial impact
on port operations and planning and the use of assets (Milenkovi¢ et al, 2019). Port
throughput analysis depends on the flow of different types of cargo and numerous
macroeconomic variables. However, in the dynamic and complex nature of a port system,
identification of the demand has remained with multiple uncertainties including epistemic
uncertainty (Taneja, 2013).

Epistemic uncertainties in demand analysis depend upon the degree to which the information
pertaining to the system is available. Ping and Fei(2013) expressed that port throughput is
affected by numerous variables including macroeconomic variables. Owing to complex nonlinear
relations between port throughput and macroeconomic variables, a single linear model (Chen
et al, 2016), or application of traditional regression methods, may result in inaccurate analysis
performance (Gokkus ef al, 2017). Hui et al. (2004) stated that the classical regression methods are
valid if the data series are stationary and without a time trend. Chou et a/. (2008) emphasized the
nonstationary relation between the cargo flow and macroeconomic variables.

Therefore, a comprehensive study on the identification of main cargos and
macroeconomic variables, in port throughput analysis is important. For this purpose, the
correlation coefficient, as the most known measure of dependence between two random
variables, can be used. However, its application has been criticized, as it is only able to detect
linear dependencies (Sagar and Guevara, 2005). To overcome this problem, mutual
information can be used to capture nonlinear dependency among variables.

In this study, mutual information is applied to evaluate the dependencies among
different types of cargo and port throughput and identifies the prominent cargos that would
heuristically describe the port throughput. In information theory, mutual information
measures the amount of information that one variable contains about the other. Mutual
information quantifies the statistical dependence between two random variables. Thus, it
provides a better criterion than the autocorrelation function, which only measures linear



dependence (Fraser and Swinney, 1986). In contrast to the linear correlation coefficient, it is
also sensitive to dependencies that do not manifest themselves in the covariance (Kraskov
et al., 2004).

Mutual information has been used in previous maritime research, albeit not in the context of
port throughput. For instance, Wu ef al. (2020) used mutual information to reduce needs for
expert judgment in the identification of input variables for the Bayesian network for
consequence estimation of navigational accidents. Yang et al. (2018) applied mutual information
to facilitate the recognition of insignificant variables that should be excluded from a Bayesian
network. Hianninen and Kujala (2014) used mutual information to reduce uncertainty by
identification of influential variables in a Bayesian model for ship accident involvement.
Furthermore, Hanninen (2014) discussed the advantage of applying mutual information for
determining the uncertainty of variables’ dependency in a maritime safety model.

Hence, this study applied mutual information in the analysis of port throughput
influencing factors. The explanatory power of mutual information delivers a more systematic
way of analysis for identification of the most and least important cargos and influencing
macroeconomic variables based on an analysis-oriented approach of data, rather than
arbitrary judgment (that may have biases), which is an advancement over present practice.
This is especially the case where historic data of the port are not sufficiently indicative.
Therefore, it contributes to improving the port throughput analysis and consequent forecast,
as it reduces the epistemic uncertainties associated with the identification of main cargos and
key macroeconomic variables. It also offers a more transparent, simpler and easier way to
interpret the result of analysis. Mutual information is applied to the multipurpose Port of
Isafjordur in Iceland. The presented method can be used for other cases.

2. Influencing factors on port throughput

The long technical lifetime of port infrastructure, huge capital investments and a long
payback period make port planning a challenging task (Taneja et al.,, 2010). Port capacity
should satisfy the demand of multiple stakeholders with various objectives (Eskafi ef al.,
2020). Overcapacity leads to the lack of cost-effectiveness in port planning, and capacity
shortage results in loss of competitive position of ports (Jugovic et al, 2011). Before port
capacity planning, port throughput analysis needs to be conducted, and for that,
identification of the main cargos and influencing factors is essential.

Luo and Grigalunas(2003) pointed out that (cargo) demand analysis is challenging, as it
is influenced by many factors. Demand analysis may have an uncertain outcome, because of
difficulties in identification of the main cargo, determination of exogenous and endogenous
variables and their complex causal relations with cargos (Taneja, 2013). Cargo flow is
volatile over time and affected by the temporal demand of salient stakeholders in the
projected lifetime of a port (Eskafi et al, 2019). Van Dorsser et al. (2012) put forward that
demand projection is sensitive to trend breaches and attaching much investment to one
single cargo over a projected lifetime is not advocated.

As economic development is an important driver of maritime trade, there should be an
interrelation between port throughput and macroeconomic variables (De Langen et al., 2012).
Jugovic et al. (2011) recognized gross domestic product (GDP) as a known macroeconomic
variable that is the main reference of the elasticity factor for cargo flow in a port. Ping and
Fei(2013) pointed out that the regional economy (i.e. regional GDP) considerably affects the
port throughput. Van Dorsser et al. (2012) presented the correlation between GDP and port
throughput by using a macroeconomic model. Moreover, Gokkus et al (2017) expressed that
there is a strong correlation between GDP and the trade volume of a country.
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Cargo flow is increasingly intertwined with the population, trade, global economic
activity (Taneja et al, 2012), fuel and energy prices (Van Dorsser et al., 2012), competitive
position, market share (Meersman ef al., 2003), country logistics system and supply chain,
technology evolution and government policies (Giinther and Kim, 2005). Frankel(1987)
pointed out that, before port throughput analysis, deep knowledge of the hinterland is
fundamental. Jugovic et al. (2011) echoed that cargo flow analysis should begin with the
characterization of hinterland that gravitates to the port under study.

According to the cited literature, many factors should be considered when port
throughput is analyzed. However, it is neither necessary nor possible (due to limited data) to
take all variables into account. When the number of exogenous inputs is huge, numerous
problems can occur related to high dimensionality and multicollinearity (Fuentes et al,
2015), or the analysis is sensitive to false reduction (Bankes, 1993).

JICA(1994) used population and GDP variables to analyze and forecast a container port’s
throughput using a regression model. However, Gosasang et al (2011) criticized them
because of their use of inadequate variables in the analysis. Later, De Langen et al. (2012)
and Van Dorsser et al. (2012) discussed using only GDP for port throughput analysis and
forecast. Chou et al (2008) used several macroeconomic variables to forecast port
throughput but did not discuss the reason for the selection of macroeconomic variables.
Gosasang et al. (2018) used multiple macroeconomic variables for developing a container
throughput forecast. However, their work neither discussed the relation of the
macroeconomic variables with port throughput nor showed which variables may have a
higher influence on port throughput. Moreover, Dragan et al. (2020) used macroeconomic
variables that presumably influence cargo throughput to forecast the throughput of
different types of cargo. However, they did not discuss reasons for the selection of certain
macroeconomic variables. Milenkovié et al. (2019) stressed the importance of determining an
optimal set of input variables for developing a container throughput forecast model.

The complexity of port throughput analysis calls for a method to screen the main cargos
and influencing macroeconomic variables. Mutual information analysis has been a useful
method for data analysis. However, the application of mutual information has not been used in
analysis of the factors influencing port throughput, which is the novelty of the present study.

3. Mutual information analysis

Mutual information is an important concept in information theory to handle uncertainties
and abstraction of the notion of information. It measures the level of correlation among
variables and then determines their dependency on each other by quantifying the amount of
information held in a variable through another variable. In general, information refers to the
ease of predictability of unknown outcomes provided by one probability distribution
relative to another probability distribution (Soofi et al, 2010). Mutual information gives a
unique measure of dependence between the two variables, which is also connected to the
concept of entropy and Kullback—Leibler divergence.

The advantages of mutual information in variable selection problems compared to the
other criteria such as coefficient-based methods (Hall, 1999), RELIEF and RELIEF-F
(Robnik-Sikonja and Kononenko, 2003), have been shown in previous studies (Zeng et al.,
2014). Kwak and Choi(2002) pointed out that in variable selection, mutual information can
effectively eliminate redundant variables with relatively low computational effort. Mutual
information has advantages to Pearson correlation in variable selection, as the former
identifies the linear and nonlinear dependence and independence of variables, but the latter
only recognizes the linear dependence of variables (Li, 1990; Steuer et al., 2002). Peng et al.
(2005) expressed mutual information as an appropriate variable selection method compared



to the max-dependency method, as the latter method requires much data and has relatively
slow computational speed. Pethel and Hahs (2014) stated that chi-squared tests for variable
selection are valid in the asymptotic limit of infinite data, whereas mutual information does
not have the limitation of chi-squared tests. Zuur et al (2003) pointed out the advantage of
mutual information to a Markov Chain Monte Carlo method for parameter selection, as the
latter method requires a large data set that imposes restrictions in its application. Li et al
(2009) stated that mutual information achieves better test performance and faster
computation efficiency than Wrapper methods. Furthermore, Wrapper methods are faced
with over-fitting problems. Also, they showed that mutual information outperforms
Wrapper methods in variable selection when the number of variables is large. The merit of
mutual information is to avoid unnecessary work and reduce the need for expert judgment,
provide a straightforward, fast, with relatively low computational complexity, and cost-
effective approach to recognize the influencing macroeconomic variables on port throughput
(Wu et al., 2020; Yang et al., 2018). Mutual information also offers a useful visual tool for a
better understanding of the dependencies among variables (Li et al., 2009).

For a pair of random variables (X,Y) with marginal probability distributions of w, (x)
and u, (y), mutual information uses the Kullback—Leibler measure to determine the distance
between the joint probability distribution, w(x,y) and the distribution associated with the
case of complete independence (i.e. w, (¥) uy () and is expressed as (Kraskov et al., 2004):

I(X,Y) // X,9) log () ’y)(y)d xdy 1)
My

Furthermore, mutual information is related to the concept of information entropy that was
introduced by Shannon(1948) and quantifies how informative a random variable (X) with
possible outcomes (x;), each with probability p(x), could be:

H(X) = —/p(x)log?p(x)dx @)
xeX
where the base 2 logarithm is corresponding to the unit of information measured in “bits”
(Shannon, 1948). Thus, mutual information can be obtained by:
IX,)Y)=HX)+H(Y)-HX,Y)
=H(X)-H(X|Y) 6)
=H(Y)-H(Y |X)

where H(X) and H(Y) are the entropy of random variables X and Y, respectively; H(X,Y) is
their joint entropy; and H(X|Y) and H(Y]X) are their conditional entropy and calculated as:

HX |Y) = / / x,y)logpu (x y)dxdy )

where w(x,y) is the joint probability distribution. The conditional entropy H(X|Y) is the
amount of uncertainty left in X when knowing Y. Thus, from these equations, the I(X,Y) is
interpreted as the reduction in the uncertainty of the random variable X by the knowledge of
another random Y (Maes et al, 1997). Mutual information illustrates the distributions of the
information measures in terms of interdependency among variables. Mutual information
takes the value of zero if and only if the two random variables are statistically independent
and when the two variables are identical their mutual information reaches the maximum. To
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Figure 1.
The multi-purpose
Port of Isafjordur

calculate mutual information among variables, the equations can be coded in a computer
programming language. In this study, MATLAB is used to code the equations and calculate
mutual information for further analysis.

To evaluate the correlation between the port throughput and macroeconomic
variables, at first, the dependency of the port throughput on different cargos is
investigated. It helps to recognize the main cargo and eliminate cargos that are
occasionally handled in (especially multipurpose) ports. The recognition of the main
cargo reduces biases (e.g. a large amount of a specific cargo that is handled only a few
times for a particular purpose) in the collection of data. On the other hand, including
many cargos increases the complexity of the analysis and (epistemic) uncertainty in the
results (Van Dorsser et al., 2012).

4. Study area and data

The multipurpose Port of Isafjordur is the leading cargo port and hub in the Westfjords
region of Iceland (Figure 1). This port plays a significant role in the logistic chain of the
country. It is well connected to the hinterland in terms of coastal shipping and road
transportation. It has a strategic location with short sailing time to the open sea and enough
services for different types of vessels. Fisheries and industrial aquaculture are the core
businesses of the region, where these activities are thriving (Icelandic Directorate of
Fisheries, 2019), which increases cargo and container handling at the port. The port provides
services to industries all over the country, and thus, its hinterland is the whole country.
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The main functions of the port are:
» transfer and storage of containerized and non-containerized cargo;
 industrial value-added activities, including marine productions; and

» recreational activities, including servicing expedition and cruise ships, sailing boats
and water sport activities.

Among the aforementioned factors (in Section 2) that influence port throughput, this study
excludes those that are unavailable, cannot be accurately predicted (e.g. new technologies) and
those that their influence cannot be quantified from observation of the past (e.g. growth in the
hinterland) (Taneja et al, 2010). Thus, six macroeconomic variables that are available and
published by the relevant authorities are used for analysis. These are the national GDP, the
average yearly Consumer Price Index (CPI), the world GDP, the volume of national export trade,
the volume of national import trade and the national population. These variables were also used
in previous studies (Gokkus ef al, 2017). Table 1 describes the variables used in this study.

In case of the availability of more macroeconomic variables, these can be added. One of
the scientific contributions of the present study is to identify which macroeconomic variable
among the variables would have the highest influence on the port throughput. The
identification of the most influential macroeconomic variables increases the accuracy of the
port throughput forecast. Figure 2 shows the schematic application of mutual information in
port throughput analysis.

Yet, there are many unknown variables that can affect the port throughput. These unknown
unknowns (Walker et al, 2013), and black swans (Smil, 2012), can considerably influence port
throughput as their intensity and frequency cannot be meaningfully addressed. In testimony of
this, the coronavirus disease (COVID-19) pandemic in 2020 is significantly affecting maritime
sectors, as cruise ship calls have slumped, and there is a decline in port throughput.
Considering these variables in port throughput analysis is out of the scope of this study.

In this study, non-containerized cargos are categorized as fuel oil, road construction
and maintenance materials, fertilizer and fish feed, marine products and industrial
materials. Small (in terms of quantity) cargos are considered as other general cargo.
These cargos are measured in tonnes. The non-containerized port throughput data are
garnered between 1990 and 2016. Containerized cargo (cargo that is transported in a
[refrigerated] container) used in this study is based on a twenty-foot equivalent unit
(TEU). The annual containerized port throughput and the macroeconomic variables are
collected between 1990 and 2019.

In this study, the mutual information value between containerized port throughput and
the macroeconomic variables is measured separately. The main reason is that containers
have been attractive and promising to transport cargo. Determining the relation between
containerized port throughput and the macroeconomic variables facilitates decision-making
for strategic capacity development by the Port Authority.

The port throughput analysis does not include the recreational activities. Limited data,
differing data sources and inconsistencies in terms of the accuracy and uniformity of
recording variables and cargos could affect the results of this study. Thus, uniform
collection and management of statistical data is recommended.

5. Results and discussion
To evaluate the correlation of (non-)containerized port throughput and macroeconomic
variables, mutual information was conducted using equations (1)—(4).
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1. Identifying all available cargos handled in the port

Port throughput

Export cargos Import cargos

!

2. Selecting the main cargos using mutual information

Mutual information
mX.Y)
H(X) H(Y)
Main export cargos Main import cargos

'

3. Finding the influence of macroeconomic variables on the
port throughput using mutual information

Mutual information

mX.Y)
Hex) H(Y)

'

Main influencing macroeconomic variables on the port throughput

5.1 Identification of main cargos

The results of the mutual information values of the handled non-containerized cargos at the
port with export and import are depicted in Figure 3. The values of mutual information of
non-containerized cargos with export and import are shown in Table 2.

From Figure 3, marine products cargo is the main pillar of export. This is because the
core businesses in the region are fisheries and aquaculture. Therefore, these activities can
significantly influence the export. As seen in Figure 3, the mutual information values of the
other cargos in export are considerably lower than the marine products. Fertilizer and fish
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Figure 2.

A schematic
representation of the
application of the
mutual information in
port throughput
analysis
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Figure 3.

The mutual
information (MI)
values of the non-
containerized cargos
for export (left) and
import at the port
(right)

Table 2.

Mutual information
values of non-
containerized cargos
with export and
import
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FOL RCM FFF MAP INM SGC FOL RCM FFF MAP INM SGC
EXport cargo Import cargo

Notes: The cargos are fuel oil (FOL), road construction and maintenance materials (RCM),
fertilizers and fish (FFF), marine products (MAP) industrial materials (INM), small general
cargo (SGC)

Mutual information

Acronym Cargo flow Export Import
FOL Fuel oil 0.044 0.499
RCM Road construction and maintenance materials 0.085 0.156
FFF Fertilizer and fish feed 0.141 0.018
MAP Marine products 1.240 0.317
INM Industrial materials 0.047 0.342
SGC Small general cargo 0.051 0.134

feed and general cargo have relatively low mutual information values. These cargos with
low mutual information values are mainly fisheries-related activities, for instance, processed
products, industrial equipment, etc. The industrial materials cargo and fuel oil have the
lowest mutual information values in the export.

For the import cargos, the mutual information values for several cargos are relatively
large. These cargos, however, have small differences in their mutual information values.
The results show that fuel oil has the largest mutual information value. The industrial
materials cargo has a relatively lower value but higher than the marine products. These
cargos could be considered as the raw materials and the main needs of the industries for
their activities. The contribution of other cargos to the import is relatively weak.

As is shown in Figure 3, the main export cargo is marine products, whereas the
aggregation of fuel oil, marine products and industrial materials can be indicated as credible
import cargos. Therefore, it can be inferred that the non-containerized port throughput has a
considerable dependency on marine products, fuel oil and industrial materials. This result is
used to calculate the correlation between the non-containerized port throughput and
macroeconomic variables.



5.2 Port throughput and macroeconomic variables data

Figure 4 gives the development of the port throughput and macroeconomic variables. To
keep the confidentiality of (non-)containerized data and allow for comparison between the
port throughput and the macroeconomic variables, the historical data are indexed to the
year 2005.

As illustrated in Figure 4, the macroeconomic variables have generally been growing,
though a trend breach can be observed at the world economic downturn in 2008. Afterward,
containerized port throughput growth slowed until 2012, whereas non-containerized port
throughput dropped in the same period. Then, the containerized port throughput increased
again. Over the period, fluctuations are attributed to economic activity and trade. The
containerized port throughput and macroeconomic variables indicate increasing trends.
However, non-containerized port throughput shows a decreasing trend until 2012. The main
reason is continuous growth in the use of containers for transporting goods. The significant
jump in the port throughput after 2012 could be because of the rapid growth in aquaculture,
especially the salmon industry in Iceland. The fast-growing aquaculture drives the growth
of relevant activities including marine production and industrial equipment manufacturing.
Furthermore, another shipping company (additional to the first one) started calling the port
from 2013.

5.3 Identification of the relation between port throughput and macroeconomic variables
Based on the identified main cargos, Figure 5 shows the results of the mutual information
values among non-containerized export, import, port throughput and macroeconomic
variables. This means that export includes marine products cargo, import consists of fuel
oil, marine products and industrial materials cargos, and port throughput represents the
aggregation of export and import.

The results indicate that the non-containerized export is mostly related to the national
GDP. As identified, marine products cargo is the major export, and this cargo has a high
impact on the GDP of the country (Statistics Iceland Office, 2019). GDP has been determined

103, . = 103

—PT
——NGDP
ACPT
WGDP!
VNET

Index (year 2005 =100)
Index (year 2005 =100)

10

1 L
1990 1995 2000 2005 2010 2015 2020 101990 1995 2000 2005 2010 2015 2020
Year Year

Notes: The variable are the port throughput (PT’ before and PT after
application of mutual information), and macroeconomic variables including the
national GDP (NGDP), the average yearly CPI (ACPI), the world GDP
(WGDP), the volume of national export trade (VNET), the volume of national
import trade (VNIT) and the national population (NPOP)
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Figure 4.

Historical
development of the
port throughput (left:
non-containerized
cargo, right:
containerized cargo)
and the
macroeconomic
variables
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Figure 5.

The mutual
information (MI)
values between non-
containerized export,
import, port
throughput and
Macroeconomic
variables (left to
right, respectively)

Figure 6.

The mutual
information (MI)
value between
containerized export,
import, port
throughput and
macroeconomic
variables (left to
right, respectively)

as one of the main influencing variables on port throughput (Van Dorsser ef al., 2012). On the
other hand, the relation between the non-containerized import and world GDP is
the strongest. This result indicates the influence of the economy (or GDP) of the country (the
hinterland) and the world on the port activities (Jugovic et al, 2011). There is a relatively
high relation between the non-containerized port throughput and the national GDP. The
non-containerized port throughput and the national GDP are intercorrelated, as they are
affected by import (national consumption) and the export (productivity) of goods (Van
Dorsser et al., 2012). The result further shows the relation of the volume of national export
trade with the non-containerized port throughput, as also mentioned by Gokkus et al. (2017).
The volume of national import trade has the lowest correlation with the non-containerized
port throughput. The results of mutual information among containerized export, import,
port throughput and macroeconomic variables are shown in Figure 6.

The results show similar patterns for the containerized export, import and throughput
concerning the macroeconomic variables. The relation between the containerized port
throughput and the volume of national export trade is the highest. This is because
containerized cargo can be transported efficiently over long distances and easily transferred
between modes of transport. The variables with slightly lower mutual information values
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are the national population, the average yearly CPI and the national GDP. This is in line
with literature where population, national GDP and inflation rate were used as the key
influencing variables in container throughput forecast (Gokkus ef al., 2017). The average
yearly CPI partly determines the annual value of the national GDP (Gosasang et al., 2011),
and national GDP is a good indicator of container port throughput (Van Dorsser et al., 2012).
Population growth stimulates trade flow because of increased labor force and economic
improvements (Hanushek and Kimko, 2000). Table 3 gives the values of mutual information
of macroeconomic variables with (non-)containerized export, import and port throughput.

As depicted in Figures 5 and 6, the volume of national import trade (VNIT) has the lowest
mutual information with the port throughput. One of the main reasons for this low value is
that the majority of import to the country is to the Port in Reykjavik, the capital of Iceland,
not to the Port of Isafjordur.

Fuentes et al (2015) stressed that including more inputs to the forecast models does not
necessarily lead to better results with lower uncertainty. Hence, in the case of the throughput
forecast for the port in this study, the VNIT can be excluded from the input to forecast
models. Nevertheless, the volume of import trade (Ping and Fei, 2013) and the value of
import trade (Hui et al., 2004; Gokkus et al., 2017; Gosasang et al., 2018) have been included
in port throughput forecast in previous studies. The discussion on the selection of this
macroeconomic variable (i.e. VNIT) in these studies was not rigorous, and the focuses on
describing the relation are qualitative relations based on expert judgment and literature
review. Therefore, the present study proposes that selection of influencing macroeconomic
variables for forecast models only based on expert judgment and literature review may not
be sufficient.

Qualitative (or expertjudgment-based) evaluation of influencing factors on port
throughput may be time consuming, laborious, include biases (Wu et al., 2020) and rely on
incomplete and subjective knowledge, which is conditional on the background and
experience of experts (Hanninen, 2014). Furthermore, experts are not always available to
determine the influencing variables (Montewka ef al, 2014). Application of mutual
information in port throughput analysis reduced the need for expert judgment and provided
informative diagrams to recognize the influencing macroeconomic variables on port
throughput (Li et al., 2009; Wu et al., 2020).

Selection of relevant variables from a large feasible set of input data improves forecast
efficiency (Fuentes et al, 2015). Thus, the application of mutual information for
(macroeconomic) variable selection in port throughput forecast models increases the
accuracy of models and reduces the uncertainty of the results (Hinninen, 2014; Hanninen
and Kujala, 2014; Yang et al., 2018). The premise of mutual information is to deliver a unique
measure of dependence of factors influencing port throughput. The theoretical contribution

Mutual information

Non-containerized Containerized
Macroeconomic variable Export Import Port throughput Export Import Port throughput
National GDP (NGDP) 0.596  0.405 0.804 1123  1.088 1.099
Average yearly CPI (ACPI) 0426 0.398 0.609 1159 1.196 1.174
World GDP (WGDP) 0496 0.486 0.684 1.070 1.089 1.096
Volume of national export trade (VNET) 0.537  0.440 0.759 1.265 1.257 1.258
Volume of national import trade (VNIT) 0430 0.273 0.582 0642 0.546 0.576

National population (NPOP) 0.491 0437 0.746 1.238 1.258 1.258
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of the application of mutual information in port throughput is to reduce the epistemic
uncertainty in port throughput forecast. The managerial contribution of the application of
mutual information in port throughput analysis is to provide a better insight into the major
cargos handled in a port and a robust estimation of macroeconomic variables’ influence on
the port throughput.

6. Conclusion

Port throughput analysis provides valuable and fundamental inputs for port capacity
planning and development. However, port throughput analysis is a complex task, as it is
interwoven with a variety of cargos handled in the port, which are in turn influenced by
numerous factors including macroeconomic variables. The analysis requires the selection of
prominent cargos that meaningfully contribute to the port throughput. Furthermore, the
analysis necessitates investigating the relation of port throughput with macroeconomic
variables.

This study used mutual information analysis as a quantitative method to measure the
linear and nonlinear correlation among variables. The presented method was able to
indicate the important cargos handled in the port. Moreover, the method determined the
relation between port throughput and macroeconomic variables.

The results showed that marine products cargo is the main non-containerized export,
whereas the non-containerized import is mainly constituted by fuel oil, industrial materials
and marine products. The aggregation of these cargos handled in the port would make up
the non-containerized port throughput. Among the available macroeconomic variables in
the present study, the national GDP has a relatively high relation with the non-containerized
export. However, the non-containerized import is mainly related to the world GDP. The non-
containerized port throughput showed relatively high correlations with the national GDP.
The results unveiled that the relation between containerized port throughput and the
volume of national export trade is more than other macroeconomic variables.

The new finding of this study is that the application of mutual information offers a
solution for reducing epistemic uncertainty in port throughput analysis as it: first —
determines the main cargos that significantly contribute to port throughput, and second —
effectively identifies the relation between port throughput and macroeconomic variables.
Thus, this approach can improve the reliability of port throughput forecast, which is
recommended for further study.
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