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Abstract: The freight transportation system faces complex operations globally to meet customer
demands. Intense competition prompts companies to enhance performance. Transportation modes
(road, sea, air) impact service levels, each with distinct features, benefits, costs, environmental
effects, and societal risks. Shippers confront challenges in mode selection due to numerous factors,
compounded by an increase in low-volume, high-frequency shipments. Rising logistics costs for a
few products of exporters affect the socio-economic situation of a country. This research introduces a
hybrid approach for a shipment selection model, focusing on pharmaceutical drugs. Utilizing ma-
chine learning algorithms (decision tree, Random Forest, logistic regression, XGboost, SVM) and
multi-criteria decision-making methods (SAW, MARCOS, TOPSIS, MULTIMOORA, VIKOR), this
study predicts the optimal shipping method (land, air, sea) based on dataset features (shipping cost,
origin-destination, cargo weight, dimensions). Evaluation metrics include F1 score, Recall, Precision,
and Accuracy score. XGboost stands out as the optimal algorithm, demonstrating an accuracy
of eighty-four percent, with random forest, decision tree, SVM, and logistic regression following
in descending order. This comprehensive approach addresses the complexities of pharmaceutical
shipment selection, considering various influential factors.

Keywords: transportation mode; MCDM; machine learning; data analysis

1. Introduction

The escalating volume of global trade, fueled by economic integration and globaliza-
tion, has presented numerous market expansion opportunities for companies. However,
this surge in trade has concurrently intensified competition, prompting companies to adopt
strategic measures such as alliances, mergers, acquisitions, and internal cost reduction to
survive. Despite technological advancements reducing production costs, logistics costs, par-
ticularly in transportation, remain a significant concern. The proliferation of low-volume,
high-frequency shipments due to diverse demand, shorter product life cycles, and agile
customer responses has further complicated logistics, cost management, especially for
companies exporting small quantities of products abroad [1].

Transportation costs constitute a substantial portion of overall logistics costs, making
the selection of an appropriate means of exporting products crucial for cost reduction.
Strategic decision making, aimed at minimizing logistic costs and aligning with customer
and market needs, revolves around the choice of transportation means, with operational
decisions extending to cargo transportation routes [2].

While sea transportation is favored for its cost efficiency in international freight ser-
vices, shippers also utilize car ferry services for general cargo to close overseas destinations.
Shippers weigh factors such as freight rates, transportation speed, and customs clearance
quality when choosing sea transportation methods. Similarly, air transportation users
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consider shipment costs and service quality, with low-cost carriers gaining popularity due
to cost advantages and inherent service benefits over traditional freight carriers.

Logistic management’s key decisions, including transportation method and carrier
selection, involve considerations of land, sea, and air transportation. Contemporary pro-
cesses involve the simultaneous selection of transportation type and specific carriers, often
facilitated by professional forwarders. Quality of transportation services, highlighted by
factors like accurate product transfer billing and high-quality customer service, often takes
precedence over transportation cost considerations in land transportation [3,4].

Sea freight carrier selection emphasizes the importance of transportation service
quality over reliability, capacity, speed, and flexibility. Factors such as damaged cargo
proportion, multimodal transportation capability, on-time delivery reliability, lower price,
credit facilities, and environmentally friendly packaging contribute significantly to sea
freight carrier choice [5].

Air cargo transportation factors, predominantly focusing on freight-related aspects,
consider incentives for transportation cost and product loading quantities. The impor-
tance of proper shipping policies and additional factors such as carrier reliability and
transportation speed underscores the significance of transportation service quality in air
transportation [6,7].

While existing studies have explored land, sea, and air modes separately, a research gap
exists in addressing the dynamic transportation approaches faced by companies exporting
small quantities of goods. This gap is particularly evident in the context of medical resource
transportation, as timely delivery of treatment to patients is critical.

This paper proposes a hybrid approach using machine learning algorithms and multi-
criteria decision-making methods to develop a shipment selection model, focusing on
pharmaceutical drugs. This research aims to enhance prediction accuracy through decision
tree, Random Forest, logistic regression, XGboost, and SVM algorithms, validated by
multi-criteria decision-making methods such as SAW, MARCOS, TOPSIS, MULTIMOORA,
and VIKOR.

The significance of this research lies in revolutionizing drug distribution networks, op-
timizing shipping services for companies, and controlling medical center inventories. This
model’s results are expected to reduce arrival times and transportation costs for medicinal
items, fostering competitiveness, savings, and environmentally conscious shipping prac-
tices. This research contributes by integrating machine learning and multi-criteria decision
making in shipment selection, offering various validation methods and achieving up to
eighty-seven percent accuracy in pharmaceutical drug shipment selection. The proposed
methodology addresses the pressing challenges in pharmaceutical shipment, providing a
systematic and innovative solution for risk mitigation, cost reduction, and timely deliveries
in medical supply chains.

2. Methodology
2.1. Data Collection and Analysis Method

In addressing contemporary challenges in global goods transportation necessitated
by technological advancements, this section delves into the pivotal role of data science.
Defined by its multidisciplinary nature, incorporating statistics, machine learning, and
human-computer interaction, data science automates the extraction of valuable insights
from extensive data repositories. This process empowers organizations to uncover latent
patterns, fostering excellence in operations. The ensuing discussion explores diverse
academic fields, encompassing statistics, computer science, mathematics, and domain
knowledge, contributing to informed decision making through statistical analysis, machine
learning, data mining, and visualization. Data scientists play a pivotal role in tasks such
as data cleansing, data modeling, and predictive modeling, enabling the discovery of
trends and patterns in complex datasets. The subsequent elucidation on the structured
process, as delineated by Han et al. [8], encapsulates sequential steps from data collection
and integration to knowledge extraction and illustration. This methodological approach
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provides a comprehensive framework for deriving meaningful insights in the context of
goods transportation.

2.2. Crisp Method

While the method presented is a step towards research goals, it proves insufficient.
Consequently, this study employs CRISP- DM, a comprehensive process developed in
1996 under the ESPRIT initiative by the European Union. Spearheaded by a consortium
including SPSS, Teradata, Daimler AG, NCR Corporation, and OHRA, CRISP-DM amal-
gamates diverse experiences integrated into SPSS. NCR Corporation contributes its data
warehouse and data mining software. Originating in 1999, CRISP-DM’s six-step approach
was unveiled at the 4th CRISP-DM SIG meeting in Brussels in Figure 1.
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2.3. Delivery Services in the Supply Chain Management

Rising consumer expectations necessitate supply chains to prioritize efficiency, par-
ticularly in delivery services, prompting a demand for agile courier companies. Ad-
vanced technologies, notably machine learning-based smart transportation management
systems, enhance productivity, optimizing the logistic infrastructure crucial for safe medical
specimen transportation. Challenges include uncoordinated processes and technology
mismatches, addressed through evaluation and automation in the supply chain. Employ-
ing technology ensures smooth supply chain management. On-demand and scheduled
on-demand delivery models, each with advantages and drawbacks, handle unforeseen
situations. This research focuses on a scheduled on-demand approach for medicine deliv-
ery, aiming to identify the most effective, cost-efficient method while ensuring safety and
customer satisfaction.

2.4. Proposed Research Method

Data pre-processing and preparation: Data analysis and preparation are pivotal stages
in dataset functionality, consuming sixty percent to eighty percent of project time. Steps
encompass data integration, combination, transformation, cleaning, and dimensionality
reduction, tailored to dataset type. Integrating data from diverse sources ensures compre-
hensiveness and accuracy. Data combination multiplies separate features, creating new,
problem-relevant ones. Data transformation, involving non-numeric control and scaling,
addresses categorical values and enhances algorithm reliability. Cleaning manages outliers
and missing data, with strategies like deletion or suitable value replacement based on the
dataset nature. Following these steps ensures effective dataset preparation for accurate,
reliable results in data-driven projects.
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Cleaning the data and bringing it to the proper form: In this step, inconsistent, noisy,
repetitive, unrecorded, and lost data are identified and addressed. Missing data, not
recorded by the logger, can impact results’ accuracy, requiring investigation via statistical,
descriptive, or expert opinion methods. Methods for inconsistent and outlier data involve
establishing relationships to identify incorrect and main outlier data accurately.

Data Transformation and Scaling: In this section, the data are converted into a suitable
form for analysis and review. There are different ways to scale data. In this research, the
Min-Max scaling method is used. This method uses the lowest and highest values in each
feature and places them in the range of zero and one. Finally, all the calculated features
will be in the range of zero to one.

Feature Selection: Feature selection is vital in data preparation, employing filter, wrap-
per, and embedded methods. Filter methods independently rank features based on sta-
tistical tests, reducing overfitting but potentially compromising predictive performance.
Wrapper methods optimize features based on classifier performance, considering dependen-
cies and yielding higher predictive accuracy but with computational intensity. Embedded
methods integrate feature selection into classifier algorithms, adjusting internal parameters
for optimal accuracy in a single step. Methods vary in terms of independence, evalua-
tion metrics, computational complexities, and potential for detecting redundancies and
interactions between features.

Handle Imbalanced Data: Following target feature analysis, an imbalanced data issue
was identified, impacting machine learning algorithm performance. Addressing this issue,
Synthetic Minority Over-sampling Technique (SMOTE) was chosen to rectify imbalances
by creating synthetic values.

2.5. Proposed Machine Learning Algorithms

The CRISP method guides data science projects, with the fourth step involving model-
ing to address challenges. Machine learning, categorized as supervised, unsupervised, and
reinforcement learning, plays a pivotal role. Supervised learning uses labeled datasets for
classification, estimation, and prediction, employing methods like decision tree and support
vector machine. Unsupervised learning identifies patterns in unlabeled data through clus-
tering and associative rules. Reinforcement learning focuses on an agent making decisions
in dynamic environments, guided by interactions, rewards, and penalties within a Markov
decision process framework.

Decision Tree: Decision trees are crucial in data mining, offering efficient classification
for vast information. Widely used in machine learning, image processing, and pattern
identification, decision trees construct cohesive models with simple rules. Comparing
numeric features to thresholds, decision trees excel in categorical classification. Noteworthy
advantages include readability, ease of preparation, and minimal data cleaning. However,
their instability and limitations in predicting continuous variables are acknowledged
disadvantages [10].

Random Forest: Random forests, an ensemble learning method, construct multiple
decision trees during training for classification and regression tasks. For classification, the
majority-selected class is the output, while regression tasks use the average prediction.
The training algorithm employs boot-strap aggregating, reducing model variance without
increasing bias. The de-correlating effect of bootstrap sampling ensures improved model
performance by averting sensitivity to noise in individual trees’ training sets [11].

XGBoost: XGBoost, a recent addition to machine learning, is a highly efficient decision
tree gradient boosting algorithm. It supports three main models: Gradient Boosting,
Random Gradient Boosting with sub-sampling, and Regularized Gradient Boosting with
L1 and L2 regularization. With features like parallelized tree construction, distributed
computing, out-of-core computations, and optimization of data structure cache, XGBoost
is designed for speed and optimal resource utilization. It excels in handling structured
datasets for classification and regression problems, providing fast computation, and sup-
porting user-defined objective functions and evaluation criteria.
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Logistic regression: In statistics, the logistic model is used to model the probability
of a particular class or event, such as success/failure, victory/failure, alive/dead, or
healthy/sick. This approach can be extended to model several classes of events. Logistic
regression is a statistical model that, in its original form, uses a logistic function to model
a binary dependent variable, although there are many more complex extensions as well.
In regression analysis, logistic regression is the estimation of the parameters of a logistic
model (a type of binary regression).

Support Vector Classifier: The Support Vector Machine (SVM) is a versatile algorithm
for linear and non-linear data classification. In SVM, the algorithm seeks the optimal
hyperplane, using a non-linear mapping for higher-dimensional transformation. The
hyperplane maximizes the margin between classes. In a linear SVM, the goal is to find
the maximum-margin hyperplane that best separates two classes. The SVM’s advantages
include easy training and good performance in high-dimensional data, but its limitations
include reduced efficiency for large datasets, requiring significant training time.

2.6. Proposed Multi-Criteria Decision-Making Method

The multi-criteria decision-making (MCDM) process involves various stages, each
crucial for achieving reliable results. Researchers emphasize early stages, including identi-
fying options, determining characteristics, and assigning weights, as vital. Choosing the
decision-making method is a pivotal step impacting final outcomes. The eight-step MCDM
process includes forming the decision matrix, normalization, and determining criteria
weights. Numerous methods exist, such as SAW, TOPSIS, MULTIMOORA, VIKOR, and
MARCOS. The Marcos method, a novel approach, innovatively addresses normalization.
Each method offers unique advantages and considerations, emphasizing the importance
of comprehensive evaluation in decision-making problems. Figure 2 illustrates the entire
decision-making process, highlighting its intricate nature and interconnected stages.
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3. Results

Global advancements in technology have intensified the focus on optimizing shipment
methods for raw material producers and distributors. Efficient product movement is crucial
for a nation’s socioeconomic standing. Active research addresses challenges like rising
order volumes, sensitive items, and environmental concerns. Emphasizing intelligence
in the shipping business is imperative to address these issues. This section delves into
detailed findings, particularly focusing on Exploratory Data Analysis.

The Rank Correlation Coefficient is employed to measure the relationship between
variables, ensuring independence and minimizing influences on results in Figure 3. This
chart is also beneficial for finding imbalanced data. Feature selection is a fundamental
aspect of data preparation, involving various methods like filter, wrapper, and embedded,
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depending on the chosen algorithm. Filter methods use independent feature ranking,
reducing overfitting. In contrast, wrapper methods enhance performance by considering
the classifier algorithm. Embedded methods integrate feature selection into the classifier
algorithm, adjusting internal parameters during training.
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Hyperparameter tuning was employed in our research. Addressing imbalanced data,
we selected Synthetic Minority Over-sampling Technique (SMOTE) to generate synthetic
samples, ensuring better machine learning algorithm performance.

In data science, result evaluation ensures the reliability of algorithms Common tech-
niques include: confusion matrix, which is used to measure the performance of classification
models; accuracy, which is used to measure the percentage of correct predictions; precision
and recall, which are used to evaluate binary classification models; F1 score, which is the
harmonic mean of precision and recall, which is used to balance the two metrics. These
methods help identify areas for improvement, ensuring model effectiveness and accuracy in
processing datasets for a given problem, ultimately enhancing the decision-making process.
Based on reliable results, the performance evaluation of machine learning algorithms is
shown in Table 1 as follows:

Table 1. Performance evaluation of machine learning algorithms.

Model Accuracy Precision Recall F1

DT 0.798 0.8 0.714 0.75
RF 0.854 0.848 0.783 0.812

SVC 0.572 0.41 0.403 0.302
LR 0.49 0.4 0.345 0.3

XGB 0.863 0.894 0.802 0.824
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As shown in Table 2, on average, we obtained reasonable results. For choosing the
best algorithm, we should use multi-criteria decision making.

Table 2. Results of the MCDM methods.

Index Marcos Topsis SAW Vikor Average

1 0.8686 1 0.512 1 0.846
2 0.7991 0.8585 0.477 0.9768 0.779
3 0.4447 0.1539 0.92 0.8367 0.589
4 0.4143 0.0237 1 0.1605 0.399
5 0.4097 0 0.472 0 0.218

4. Conclusions

In the shipping industry, competition is not limited to price, but also includes service
quality and the diversity of transportation modes. For drugs that are essential in healthcare,
resource constraints require efficient transportation of drugs and equipment. Artificial
intelligence, particularly machine learning, proves effective in optimizing supply chains.
Machine learning tasks, including supervised, unsupervised, and reinforcement learning,
require diverse algorithms for accurate results. Data science, a multidisciplinary field,
leverages statistical analysis and machine learning to extract valuable insights. Our research,
based on Kaggle data, focuses on drug supply chain transactions, employing CRISP-DM
methodology. Addressing imbalanced data, we utilized SMOTE for synthetic sample
generation. Evaluation metrics, such as Confusion Matrix, Accuracy, Precision, Recall, and
F1 score, guided algorithm selection. Applying multi-criteria decision making (MCDM),
XGBoost emerged as the most effective tool. Our approach enhances drug distribution,
optimizing services for shipping companies and controlling medical center inventories. This
model reduces arrival time and transportation costs, showcasing the impact of combining
machine learning and MCDM in medical transportation decision making.
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