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Abstract 

In today’s challenging competition in e-commerce and the constant increase of online 

shopping, more and more consumers opt for cross-border purchases every year. However, 

cross-border deliveries raise the complexity of the supply chain—from the technical 

logistics solution to the juridical and linguistical-related issues. This research attempts to 

investigate the application of predictive analytics to predict delivery time in e-commerce 

and the supporting infrastructure to ensure the compliance of delivery time. 

The purpose of this study is to identify predictive analytics techniques for delivery time 

prediction using historical data as well as to reveal the factors that impact delivery time 

in the case study of a European-based delivery platform company. These findings are then 

translated into key operational actions and a suitable analytics infrastructure is analysed 

to ensure the compliance of delivery time.  

This thesis combines a qualitative and quantitative approach—it starts with a systematic 

literature review and is followed by data analysis using various machine learning models. 

The literature review serves as a starting point to get an idea about the current studies in 

this topic. Data is collected from the internal BI platform of the case study subject and 

contains the shipment data of one of their clients. The results suggest that using clean 

input data machine learning models are applicable to delivery time prediction and the 

analytics infrastructure and analytics governance have to be designed in such a way to 

bring business values from the analytical modelling, such as creating an alerting system.  

 

 

 

 

 

 

 

 



 

 

Im heutigen schwierigen Wettbewerb im E-Commerce und der stetigen Zunahme des 

Online-Shopping entscheiden sich jedes Jahr mehr und mehr Verbraucher für 

grenzüberschreitende Einkäufe. Grenzüberschreitende Lieferungen erhöhen jedoch die 

Komplexität der Lieferkette - von der technischen Logistiklösungen bis hin zu den 

rechtlichen und sprachlichen Belangen. Diese Forschung versucht, die Anwendung von 

Predictive Analytics zur Vorhersage der Lieferzeit im E-Commerce und der 

unterstützenden Infrastruktur zu untersuchen, um die Einhaltung der Lieferzeit 

sicherzustellen. 

Ziel dieser Studie ist es, Techniken in der Predictive Analytics für die Lieferzeitprognose 

anhand historischer Daten zu identifizieren und die Faktoren, die sich auf die Lieferzeit 

auswirken, in der Fallstudie einer in Europa ansässigen Liefer-Plattform aufzudecken. 

Diese Ergebnisse werden dann in operative Schlüsselmaßnahmen umgesetzt und eine 

geeignete Analyseinfrastruktur analysiert, um die Einhaltung der Lieferzeit 

sicherzustellen.  

Diese Arbeit kombiniert einen qualitativen und quantitativen Ansatz - sie beginnt mit 

einer systematischen Literaturrecherche und wird von der Datenanalyse mit 

verschiedenen Modellen des maschinellen Lernens gefolgt. Die Literaturrecherche dient 

als Ausgangspunkt, um sich ein Bild von den aktuellen Studien zu diesem Thema zu 

verschaffen. Die Daten werden von der internen BI-Plattform des Fallstudienteilnehmers 

gesammelt und enthalten die Sendungsdaten eines seiner Kunden. Die Ergebnisse deuten 

darauf hin, dass die Verwendung von maschinelles Lernen Modelle, vorausgesetzt, dass 

die Eingangsdaten sauber sind, anwendbar auf die Lieferzeit Vorhersage sind und dass 

die Analytik-Infrastruktur und Analytik-Governance so konzipiert werden müssen, dass 

die analytische Modellierung Wertschöpfung bringt, wie z.B. die Schaffung eines 

Alarmsystems. 
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1. Introduction 

This first chapter aims to present the reader the problem background related to the subject 

of this research. It starts with the current situation of today’s e-commerce then followed 

by the introduction of the case study subject. Sub-chapter 1.2 gives an overview of the 

research objectives, in which the goals of the project and the specific actions to reach 

these aims are laid down. This is followed by providing the scope and the limitation of 

this thesis in sub-chapter 1.3. Lastly, the outline of the thesis is discussed in sub-chapter 

1.4.  

 Background 

 Cross-border E-Commerce 

Shopping habits have changed fast with the rise of online shopping in the early 2000s. In 

its infancy, e-commerce was hardly smooth sailing. In 2012, the European Commission 

proposed measures to promote online retail trade and to curb barriers to e-commerce, as 

it was under its full economic potential with just less than 4% of total European trade 

(Gomez-Herrera et al. 2013). Issues, such as insufficient number of e-shops willing to sell 

across the border, inadequate payment and parcel delivery systems and cases of hard to 

settle abuse and disputes were rampant in the past several years.  

As the internet penetration grows, with about 83% of Europeans being connected in 2018, 

online shopping has expanded in an impressive way. Figure 1 displays an overview of the 

online shopping situation in Europe. The overall B2C e-commerce turnover is forecasted 

to grow to €621 billion in 2019, whereas in 2013 it was only €307 billion (E-commerce 

Europe 2018). Almost 70% of European turnover was generated by Western Europe, 

including the United Kingdom, Germany, France, Italy and Spain. This makes this part 

of Europe the largest e-commerce market in the continent. 
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Figure 1 European B2C e-commerce turnover and proportion 

 

The European continent has experienced big changes from internalization—in fact, 

Europe can be seen as an internal market. Among e-purchases in Europe, 38% of 

consumers opted for cross-border purchases in 2017. With a rate of 85%, Macedonian 

and Portuguese shoppers showed the biggest tendency to buy online from merchants 

located in other countries and jurisdictions. According to the survey held by PostNord 

(2017), 186 million European consumers ordered from abroad in 2017. 

Internalization may represent enormous potential, but it can also unlock a myriad of 

supply chain challenges to aspiring online shops at the same time. Even during the early 

years of development of e-commerce businesses, Stumm and Bollo (2004) had already 

identified that “logistics is not an organisational technique that is adapted to the rapid and 

unpredictable changes that e-commerce is experiencing”. In their paper, they noted that 

the type of commercial activity has a direct effect on the type of logistics problems and 

they are sometimes the result of how these activities were set up. This is still valid in 

today’s e-commerce situation, as increasing the company’s logistics performance is 

necessary to meet customer demands (Cerasis 2018). The complexity of the supply chain 

even rises once a shop decides to deliver cross-border—from the technical logistics 

solution to the legal and language barriers. In addition, data on the volume and frequency 

of online purchases for physical goods is scarce, which has made the research in effects 

of e-commerce regarding city logistics difficult and has limited the understanding of 

potential developments in national as well as international delivery processes (Morganti 

et al. 2014). One issue prominent in e-commerce is that of late delivery. This issue in e-
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commerce is reflected in the 2018 survey results based on 208,618 consumers from the 

EU-28, as the main problem in online purchases, as shown in Figure 2 (Eurostat 2018). 

Figure 2 Major issues with online purchases according to consumers 

 

The increase in customer expectations regarding delivery time and associated costs have 

augmented the delivery complexity to a critical level that has led to a significant demand 

for special dedicated delivery services. In addition, the reverse logistics process is yet 

another parameter in this complex equation. More than half of the survey respondents 

saw the ability to return as a very important aspect of online purchases. Additionally, 

good returns management is crucial in creating long-term customer relationships 

(PostNord 2017). On that basis, online shops are expected to offer delivery flexibility and 

simple returns procedures. Furthermore, an easy return solution reduces the purchase risk 

perceived by the customers—and increases the basket value. PostNord’s survey also 

showed that the level of returns is higher in countries with higher average spend per year 

as well as higher percentage of online consumers. In other words, there is a correlation 

between the number of returns and the degree of maturity of the e-commerce market. On 

the other hand, transferring delivery services to third parties generates considerable 

additional costs. This trade-off might be one of the biggest logistics challenges with which 

online shops are faced.  

A common factor for the cross-border delivery delay is the number of touchpoints within 

the supply chain that parcels have to pass—from the shop’s gate to the end customer’s 

door. According to the study carried out by the research subject, deliveries to France from 
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Germany take on average 46.5 hours, meanwhile the same process takes only 21.1 hours 

in Switzerland. Each country has a set of different geographical circumstances which can 

vary the shipping situations. The reliability of local last mile carriers also plays an 

important part in delivery times. Thus, it is vital for e-shops to have a real-time overview 

of their shipments and adequate tools to process these data. The importance of big data 

and predictive analytics is widely acknowledged by business practitioners in improving 

business value and performance. Additionally, big data and predictive analytics can 

enhance visibility, resilience, robustness and organizational performance—thus, 

improving the supply chain performance (Gunasekaran et al. 2017). Schoenherr and 

Speier-Pero (2015) further supported the use of predictive analytics as they increase the 

decision-making as well as demand-planning capabilities and improve supply chain 

efficiencies and costs.  

 Research Subject 

The subject of this research is a European delivery platform company (the “Delivery 

Platform”) and the data for the analysis contains operational data from one of their clients 

(the “Seller”).  

The complexity of the current e-commerce delivery situation has demanded new types of 

solutions and technologies in the supply chain. The Delivery Platform has provided online 

shops innovative end-to-end delivery solutions, optimizing the delivery and after-sales 

process for these shops. By connecting online merchants with local last mile carriers into 

a supply chain network, the company enables the merchants to perform more effective 

and cost-sensitive deliveries. As the CEO of the Delivery Platform stated in an interview: 

“This service gives the e-shops all the components necessary—from labels to shipping 

and returns management—to connect to more than 100 carriers worldwide with lower 

costs and a minimum complexity”. The Delivery Platform gives recommendations on the 

best local carriers based on factors such as type of products, weight, delivery country and 

the desired delivery speed. This selection is not fixed and can be changed by the shops if 

they prefer so. 

The delivery solutions can be connected to web-based tracking and monitoring tools, a 

solution also offered by the Delivery Platform. It tracks parcels from checkout to delivery 

and the highly customisable tracking options can be adjusted depending on the shop’s 

preferences. The software for monitoring the parcels is equipped with advanced analytics 
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that allows the user to analyse their shipment data as well to create individual dashboards 

and reporting. The monitoring also facilitates a proactive contact with sellers in case of 

delivery problems. The main business idea of the company is to be a single contact point 

for shipping matters, i.e. the company takes care of all the logistics processes whilst 

remaining in the background and invisible for the end customers. The entire service 

provides e-shops with transparency throughout the delivery process and great real-time 

insights into their shipping performance. The monitoring feature could be further 

optimized using predictions which allows the Delivery Platform to react proactively in 

case of potential critical conditions. That way the supply chain performance could be 

optimized. 

 Research Objectives 

The importance of data analytics in supply chain management, as mentioned in the 

previous sub-chapter, leads to a discussion about its usability. Even though predictive 

analytics have shown to be beneficial for organizational performance, the research into 

data science and predictive analytics on the operational level has been almost non-

existent. In fact, academic research of the analytics field in SCM overall is scarce 

(Schoenherr and Speier-Pero 2015). Data in SCM is a huge untapped resource that would 

surely pave the way to revolutionize the field of worldwide e-commerce logistics.  

Furthermore, many predictive analytics studies often focus on improving supply and 

demand, such as demand planning or warehousing. Despite the ever-growing online 

shopping trends, there seem not to be enough studies on e-commerce deliveries. 

Predictions can help e-shops and logistics firms to react on diverse logistical problems in 

a timely manner. The technical and organizational implementation of predictive analytics 

on e-commerce-related delay prediction is almost non-existent. 

This thesis seeks to narrow the gaps in the literature by systematically reviewing existing 

literature on predictive analytics in delay forecasting and proposing a method to predict 

parcel delays by performing quantitative data analysis on the Delivery Platform’s 

historical data. Three research questions were formulated and are to be solved step by 

step in order to achieve the goal of this thesis. In its conclusion, this thesis will combine 

the findings from these research questions. 

The study begins with finding the adequate techniques to predict delays and is formulated 

as follows: 
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RQ1: What predictive analytics techniques, based on historical data as input, can be used 

to predict delivery time? 

After prediction techniques using historical data are found and tested, the determining 

delay factors of the data analysis are identified, which is expressed by the second research 

question: 

RQ2: What are the factors that have an impact on delivery delays? 

The factors, either from existing literature or result from the data analysis, are then 

assessed. Finally, the third research question deals with determining the technical and 

organizational implementation of the findings on the prediction techniques and delay 

features: 

RQ3: What courses of actions and restructuring of the analytics or IT system should be 

undertook in the organization to ensure on time delivery time? 

Ultimately, the thesis will present a list of best-scored forecasting techniques assessed 

from the data analysis as well as the important features on the delay. This is followed by 

a framework for intra-organizational and inter-organizational measures and IT system to 

react on potential shipment delays.  

 Purpose of the Thesis 

Examining the correlation between supply chain variables and shipment delays using the 

historical data of an online shop, the purpose of this study is to explore how predictive 

analytics can improve the supply chain process, by predicting potential delayed 

shipments. Identifying these potential delays would allow the Delivery Platform to act 

proactively and hopefully reduce delayed shipments and increase customer satisfaction. 

The prediction results should be connected to a communication system that sends 

notification to the responsible supply chain agents, so they would be able to immediately 

do the necessary follow up as well as prioritise the shipments. This feature could be very 

useful in holiday seasons such as Christmas.  

 Scope and Limitations 

Time puts constraints on what can be investigated, and therefore in order to keep the study 

and research within the specific research structure, the author needs to set a clear focus 

and limitation. The data analysis of this research project will focus on the outbound 
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logistics process of one specific client of the Delivery Platform, an online shop in 

health/food sector. Furthermore, this thesis only focuses on the supply chain process from 

said shop to the end customers.  

The case study is based on the logistics network of the Delivery Platform that serves 

shipments for the shop—it may, therefore, reflect mainly processes unique to the Delivery 

Platform and the shop’s decision-making policies. The logistics network also differs 

slightly from one shop to another, depending on the location of the shop’s warehouse. 

This can give different results for the data analysis. 

 Outline of the Thesis 

The overall structure of the thesis is depicted in Figure 3. It comprises 7 chapters, 

addressing the three research questions in chapters 3 to 7.   

Chapter 1. Introduction – This chapter briefly presents the background relating to the 

subject of this thesis project, i.e. the e-commerce situation in Europe, the potential of 

predictive analytics in this business and specifically in the Delivery Platform. 

Subsequently, the research objectives, purpose, scope and limitations of the thesis are 

established. Finally, the overall structure of the thesis is outlined.  

Chapter 2. Theoretical Framework – In this chapter, the author gives the definition of 

commonly used terms and concepts as well as theories that are applicable in this thesis.  

Chapter 3. Research Methodology and Design – This chapter provides the research 

approach of this thesis and describes the data collection, method used and research 

evaluation. 

Chapter 4. Systematic Literature Review – This chapter presents the systematic 

literature review conducted in order to get a better idea on the current and previous studies 

in the topic of predictive analytics in time prediction. 

Chapter 5. Delay Prediction: Analysis – As one of the most important parts of this 

thesis, this chapter aims to prove quantitatively whether ML is applicable in the delivery 

time prediction in e-commerce. Here, an extensive data analysis will be explained in a 

detailed manner and its results will be summarized. 

Chapter 6. From Analytics Modelling to Analytics Operations – This chapter provides 

insights of how to design the analytics infrastructure and governance with the goal of 
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bringing business values from the results of the data analysis from chapter 5. Concrete 

operational actions derived from the analytics architecture are proposed. 

Chapter 7. Overall Summary and Outlook – This last chapter gives summary on the 

entire research thesis, recommendations for the management as well as limitations of the 

thesis and opinions on future research.  

Figure 3 Thesis structure 
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2. Theoretical Framework 

This chapter will present theories, terms and concepts relevant for this thesis. The first 

part of this chapter introduces the concept of predictive analytics and how it differs from 

machine learning. This sub-chapter also dives into various machine learning types for 

classification problems. The second part is the concept of predictive analytics specifically 

in SCM, which is popularly known as SCA. 

 Predictive Analytics 

In the last decade, the business field has made great strides in applying advanced 

statistical modelling techniques to support strategic and operational decision-making. 

This has been the result of the staggering volumes of data businesses collected each day, 

which paved the way to the term “Big Data”. According to the sixth report edition of the 

data science platform DOMO: 

“Over 2.5 quintillion bytes of data are created every single day, and it’s only going to 

grow from there. By 2020, it’s estimated that 1.7MB of data will be created every second 

for every person on earth.” (DOMO 2018) 

Predictive analytics is the response to this new trend of data availability, as it is a way to 

leverage all this information, and get tangible new insights and stay competitive in today’s 

business world (Ongsulee et al. 2018). Hence, there is a growing number of research in 

predictive analytics and big data. The following Table 1 shows an overview of definitions 

of predictive analytics from some researches: 

Table 1 Definitions of predictive analytics 

Research Definition 

Shmueli and Koppius (2010) “Predictive analytics include statistical 

models and other empirical methods that 

are aimed at creating empirical 

predictions, as well as methods for 

assessing the quality of those predictions 

in practice, i.e. predictive power.” 

Waller and Fawcett (2013) “Data science is the application of 

quantitative and qualitative methods to 

solve relevant problems and predict 
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Researchers, such as Ongsulee et al. (2018) as well as Kumar and Garg (2017), argued 

that predictive analytics are a compilation of statistical techniques that encompass various 

statistical tools. These tools, e.g. predictive modelling, machine learning and data mining, 

have the purpose of making predictions about the future or unknown events by analysing 

current or historical data. However, the term has a similar meaning to data science, as 

viewed by Waller and Fawcett (2013). In their paper there is no clear difference between 

those two terms.  

Furthermore, the term predictive analytics distinguishes from the term forecasting due its 

more detailed level of granularity, e.g. predicting scores for each individual 

organizational element (Ongsulee et al. 2018). It is also not just about predicting the 

future, but it also answers the questions regarding what would have happened in the past, 

given different conditions (Waller and Fawcett 2013). 

outcomes.” … “Predictive analytics is a 

subset of data science” 

Nassif et al. (2016) “Predictive analytics is concerned with the 

prediction of future trends and outcomes. 

The approaches used to conduct predictive 

analytics can be classified into machine 

learning techniques and regression 

techniques.” 

Kumar and Garg (2017) “Predictive analytics is a term which 

describes a variety of statistical and 

analytics techniques. It analyses current 

and historical facts to make predictions 

about future. It develops such models 

which can predict future events and 

behaviours of variables.” 

Ongsulee et al. (2018) “Predictive analytics is an area of statistics 

that deals with extracting information 

from data and using it to predict trends and 

behaviour patterns.” 
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The view of predictive analytics as a prediction tool is shared by Shmueli and Koppius 

(2010), who state that predictive analytics also include methods for reviewing the quality 

of the predictions or commonly known as predictive power. It plays an important role in 

theory building, theory testing and relevance assessment. Nassif et al. (2016) states that 

predictive analytics can be classified in two different techniques: machine learning and 

regression. Even though predictive analytics is deemed as a subset of statistics by the 

aforementioned researchers due to its relation to quantitative approaches, it also involves 

qualitative approaches (Waller and Fawcett 2013). 

However, all researchers seem to agree on one common thing: predictive analytics is a 

technique or a process to discover interesting patterns in data and to predict trends or 

behaviour.  

There is a plethora of use cases for predictive analytics spread across different fields, e.g. 

financial services, insurance, telecommunications, mobility, health care, etc. In the 

commercial organizations, it is used in tasks from predictive marketing to application of 

machine learning to improve business processes. Exploiting patterns of historical and 

transactional data, it is a tool that can identify risks and opportunities for each individual, 

that could be a customer, employee, or any stakeholder of a company. 

The field of logistics and supply chain is no exception to this phenomenon. 

 Predictive Analytics vs. Machine Learning 

Machine learning techniques have become progressively popular in performing 

predictive analytics due to their capability in handling large scale datasets with uniform 

characteristics and noisy data. In countless publications, the discussion of predictive 

analytics is strongly related to machine learning. Even the term data science shows a 

certain overlap with predictive analytics, as seen in the previous sub-chapter. What is the 

difference between these terms? Finding one common answer is hard, as data science is 

a rather fuzzily defined field, so it is not a surprise to find that different attempts have 

been made to define it (Taylor 2016). No visual representation has been found that 

displays all three terms. Gregory Piatetsky-Shapiro, a co-founder of KDD conferences 

and the president of the data science website KDnuggets, proposed a Venn diagram as 

shown in Figure 4. 

https://www.kdnuggets.com/index.html
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Figure 4 Data science venn diagram 

 

Machine learning is inherently a multidisciplinary field, drawing on results from fields 

such as artificial intelligence, probability and statistics, information theory, computational 

complexity theory, control theory, and philosophy (Mitchell 1997; Ongsulee et al. 2018). 

As a rapidly growing technical field, it addresses the question of how to build software 

that improve automatically through experience—lying at the intersection of computer 

science, statistics, artificial intelligence, and data science (Jordan and Mitchell 2015). It 

employs statistical techniques to make computers “learn”, i.e. progressively improve 

performance on a specific task with data, without being explicitly programmed. Thus, it 

is one of the most powerful tools in the field of predictive analytics, thanks to its effective 

algorithms and frameworks that result in a high predictive accuracy. 

In summary, machine learning is a subset of artificial intelligence that is commonly used 

as a tool in predictive analytics—which itself is a subset of data science. 

Machine learning techniques are classified into taxonomy based on the outcome of the 

algorithm. Common algorithm types are as follows: 

1. Supervised learning: This algorithm type generates a function that maps inputs 

to the desired outputs. This set of input and outputs are presented by a “teacher” 

and the “learner” is required to learn a general rule or a function which maps a 

vector into one of several “classes” (categories) by looking at input-output 
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examples of the function the algorithm is trying to emulate. A common supervised 

learning task is the classification problem.  

2. Unsupervised learning: This algorithm type models a set of inputs, as no labels 

are given to the learning algorithm, leaving it on its own to find patterns in the set 

of inputs. This type of learning can be a goal of itself, e.g. discovering hidden 

patterns in the data, or a means towards the end, e.g. feature learning. 

3. Semi-supervised learning: This algorithm type is given both labelled and 

unlabelled training dataset, i.e. training set with some missing target outputs.  

4. Reinforcement learning: The algorithm type learns how to act given the 

feedback to its action in a dynamic environment. The feedback could be a reward 

or a punishment that would guide the learning algorithm. A classic example of 

this is playing a game against an opponent. 

5. Active learning: A variant of semi-supervised learning where the training labels 

are limited to some set of instances and which the learning algorithm has to 

optimize its choice of objects to acquire labels for problematic unlabelled 

instances. 

From all the listed learning types, supervised learning is the most commonly used in 

predictive analytics. As this thesis focuses on classification problem (delayed or not 

delayed), different types of supervised learning techniques will be further discussed. 

 Types of Learning for Classification Problem 

The selection of adequate algorithms for a certain classification problem depends on 

many aspects—from the composition of the input data to the purpose of learning. There 

is a wide range of supervised learning algorithms for us to pick, each with its own 

strengths and weaknesses. There is, however, no one approach that fits all. Hence, 

determining the structure of the learned function and its corresponding learning algorithm 

is vital. 

Logistic Regression 

Logistic regression, developed for the biological sciences in the early 20th century, is one 

of the most established methods for binary classification problems. Logistic regression is 

named after the logit function, which is the inverse of the sigmoid function: 

𝜎(𝑥) =
1

1 + 𝑒−𝑥
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where e is the Euler’s number, the base of the natural logarithms. The correlation between 

the probability of a result and its predictor variables is as follows: 

𝜎(𝑥) = 𝛽0 + 𝛽1𝑋𝑖1 + 𝛽2𝑋𝑖2 + ⋯ + 𝛽𝑘𝑋𝑖𝑘 

where β1, …, βk are coefficients and X1, …, Xik are predictor variables. Each predictor 

variable has an associated β, a constant real value, that represents the degree of 

importance of each predictor (Komarek and Moore 2005). This coefficient is estimated 

from the training data using the maximum-likelihood estimation. Developed by R.A. 

Fisher in the 1920s, the maximum-likelihood estimation is a method to seek the desired 

probability distribution that makes the observed data “most likely”, i.e. finding the 

parameter values that maximize the likelihood of making the observations given the 

parameters (Myung 2003). To maximum the likelihood, values for the coefficients β are 

searched that minimize the error in the probabilities predicted by the model. 

The S-shaped function takes any real-valued number and map it into a value between 0 

and 1, converging at those limits (see Figure 5). 

Figure 5 Sigmoid function 

 

Artificial Neural Network (ANN) 

ANNs are amongst the most successful learning methods implemented to solve complex 

real-world problems, such as interpreting sensor data, speech recognition and learning 

robot strategies. The birth of ANNs was motivated by the biological learning systems—

which consist of complex webs of interconnected neurons (Mitchell 1997). In data 
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mining, ANNs are constructed on massively parallel distributed processor made up of 

simple processing units, replicating the intelligent data processing ability of human 

brains. Each simple unit takes a number of real-valued inputs, or possibly the outputs of 

the preceding units, and generates a single real-valued output, which would become the 

input for the unit next in line. The structure of ANNs is displayed in Figure 6. 

Figure 6 Artificial neural network structure 

 

ANNs consist of three layers: input, hidden and output layer. A single unit of connection 

is called a neuron, which is connected with other neurons through synoptic weights. In 

Figure 6, there are two neurons in each layer with w1, …, w8 as weights of the outputs of 

the preceding neurons. A perceptron, the most basic form of neural network, has at least 

one input, a bias, an activation function and a single output. It receives inputs, multiplies 

them by the according weight and then passes them into an activation function, e.g. 

logistic, trigonometric and step function, to result an output. Bias (b1, b2) is added to the 

perceptron, which represents a constant weight regardless of the inputs that allows a better 

fit for the predictive model and, therefore, achieve a higher accuracy. Taking into 

consideration the desired target value, the ANN will be trained by updating the weight 

matrix after each iteration of the algorithm. Therefore, the higher the number of iterations, 

the closer the predicted output matrix is to that of the target value.  
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Beside perceptrons, another common type of ANNs is the feedforward neural networks, 

originating in the 50s. Here, all the nodes are connected and the data moves in only one 

direction—forward from the input nodes until it reaches the output nodes—where the 

name comes from.  

As the size of data grows and demand to find insights into the data rises, the types of 

ANNs grows. Deep Learning developed exponentially in the 1990s, when GPU started 

becoming popular and computers started becoming faster at processing data. Deep Neural 

Network algorithms are a subset of machine learning algorithms that learning multiple 

levels of representations, using multiple layers that consist of multiple linear and non-

linear transformations (Kumar and Garg 2017). It is an ANN with more than one hidden 

layer between the input and output layer in order to model complex relationships among 

data (Treethidtaphat et al. 2017). One example is the Multilayer Perceptron neural 

network, which has at least three layers. Similar to a feedforward neural network, as its 

neurons are fully connected to the neurons of the next layer, this type fits non-linear 

functions well and is used extensively in speech and image recognition as well as  

machine translation technologies.  

In general, ANNs are well-suited to train data that contain noise and complex sensor data, 

such as inputs from cameras and microphones.   

Decision Tree  

The decision tree is among the most popular inductive inference algorithms. This type of 

learning approximates discrete-valued target functions, which can be represented as sets 

of if-then rules to improve human readability (Mitchell 1997). It is robust to errors and 

missing values in the training data. Figure 7 displays the basic structure of a decision tree. 

The topmost node in a tree is called the root node, meanwhile the bottommost node is 

called the leaf node. It predicts the label associated with an instance by sorting it down 

the tree from the root node to a leaf. At each internal node on the root-leaf  path, the 

succeeding node is selected on the basis of a splitting of the input space, which is based 

on the features or on a predefined set of splitting rules (Shalev-Shwartz and Ben-David 

2014). The splitting continues until leaf nodes, each containing a specific label, are found 

for all the branches of the tree. 
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Figure 7 Example of a decision tree structure 

 

CART (Classification and Regression Trees) is one of the most common decision tree-

based model. It constructs binary trees using the feature and threshold that yield the 

largest information gain (gini index) at each node.  

Overfitting is an important issue in this type of supervised learning, as the decision tree 

can create extremely complex trees that do not generalize the data well. To combat this 

problem, post-pruning of the tree is recommended. Another way to reduce overfitting is 

by constructing multiple decision trees—a ML method called random forest. It consists 

of an ensemble of decision trees, in which a prediction is obtained by a majority vote over 

the predictions of each individual tree. 

Decision trees have been successfully implemented to solve classification problems, such 

as classifying patients by their disease, applicants by their likelihood of paying their loans, 

species of flora and fauna by their characteristics, etc. 

Support Vector Machines (SVM) 

This supervised learning is very useful tool for learning linear predictors in high 

dimensional feature spaces (Shalev-Shwartz and Ben-David 2014; Cortes and Vapnik 

1995). The high dimensionality of the feature space, which may be caused by the high 

number of features, a phenomenon called the “curse of dimensionality”, increases the 

sample and computational complexity. The curse of dimensionality causes sparseness in 

training data, which decreases the performance of a classifier. The main idea behind 
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SVMs is the construction of a linear decision surface in the feature space and the search 

for a “large margin” separator, in order to separate the training data without errors (see 

Figure 8). In other words, a plane separates the training dataset with the largest margin as 

possible, maintaining the instances on the correct side of the separating hyperplane and 

keep them away from one another. By restricting the algorithm to produce a large margin 

separator, the sample complexity can be reduced despite the high dimensionality of the 

feature space.  

Figure 8 SVM visualization 

 

This complexity reduction gives SVM models advantages of strong learning ability in 

small sample situation, fast learning speed and good generalization ability. The main 

disadvantages of SVM are: the requirement for a large amount of data, longer running 

time in both training and testing due to their high algorithmic complexity and 

considerable memory requirements (Vapnik 1999).  

K-Nearest Neighbour (k-NN) 

K-nearest neighbour is an instance-based learning, where all the work is performed at the 

time of classifying a new instance rather than when the training data is processed (Witten 

et al. 2017). Other methods “learn” to produce generalization as soon as the data has been 

seen, whereas instance-based models waits until they see a new instance. Hence, this type 

of learning differs from the others in the time at which the “learning” takes place. The 

name nearest neighbour comes from the general framework of the model itself: each new 

instance is compared with the existing ones using a distance metric (Euclidean distance, 
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Manhattan distance, etc.), then the label of the new instance is predicted on the basis of 

the labels of its closest neighbours in the training set. The rationale behind this is that the 

relevant features used in the labelling of an instance are similar in a way that make close-

by points likely to have the same label. In k-nearest neighbour learning, more than one 

nearest neighbour is used, with k representing the number of neighbours. The majority 

class is assigned as the label for the new instance. The value k signifies the complexity of 

the nearest neighbour model—the higher k is, the less adaptive the model is (Jiang et al. 

2012). Figure 9 visualizes the k-nearest neighbour classifier, with the bright points as the 

new instances that have to be classified, using the distance metrics from the nearest k 

other points surrounding them (the faded points). 

Figure 9 K-nearest neighbour visualization. Adapted from Zakka (2016) 

 

This simple type of classifier works well on basic recognition problem and is robust to 

noise in the training data. It is easily controllable and can be implemented in real-time 

with enough representative data. 

 Predictive Analytics in Supply Chain Management 

The advent of big data and the growing combination of resources, tools and applications 

have deep effects in the field of supply chain management, opening a myriad of 

opportunities and challenges. Supply chain managers are increasingly relying upon data 

to gain insights into expenditures, trends in costs and performance, and support processes 

such as inventory monitoring, production optimization, and shipping. SCM businesses 

are seeking to gain competitive advantage by capitalizing on data analysis (Hazen et al. 
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2014). The benefits of predictive analytics have been recognized by researchers and have 

been the point of interest of many business journals, as the advance of predictive 

analytics’ ability would refine and improve supply chain decision-making. Waller and 

Fawcett (2013) proposed a definition of supply chain predictive analytics:  

“SCM predictive analytics use both quantitative and qualitative methods to improve 

supply chain design and competitiveness by estimating past and future levels of 

integration of business processes among functions or companies, as well as the 

associated costs and service levels.” 

Even though there is a remarkable amount of attention pouring into supply chain 

analytics, there is still lack of integration between SCM systems and performance 

management systems (Stefanovic 2014). These performance measurement models have 

focused mainly on single organizations or a specific type of performance such as 

financial. Many scholars emphasize that the application of big data and business analytics 

within logistics and SCM, defined as supply chain analytics (SCA), is still in its infancy 

(Wang et al. 2016). Wang and his colleagues added, that the successful adoption of SCA 

methodologies and techniques depends on two factors: 

• Robust data collection and data cleansing 

• Major investments in technological infrastructure and human resources  

Most SCM big data sources are unfortunately generated in unstructured formats, which 

makes data normalization and data cleansing harder (Varela Rozados and Tjahjono 2014). 

This is further exacerbated by the finding that the unstructured formats and high volume 

or velocity are positively correlated. Thus, an adequate data integration across all SCM 

data sources is a prerequisite to generate valuable insights to the organisation through 

SCA.  

Wang et al. (2016), upon the results of their literature review, remarked that SCA, on a 

strategic level, is mostly applied in sourcing, supply chain network design and product 

design. Among its application in tactical or operational level, SCA is mainly involved in 

analysing and assessing supply chain performance on demand planning, procurement, 

inventory and logistics. Not many studies have dealt with SCA applications in the 

operational level, let alone predictive analytics. Flows of data stemming from RFID tags 

and mobile devices can be harnessed for logistics planning purposes and transforming 
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these data with the aid of predictive analytics tool would be beneficial to bring supply 

chain flexibility into operational logistics tasks. One of the most common applications is 

the vehicle routing problem. The goal of the vehicle routing task is to optimize the 

sequence of visited nodes in a route, such as for a parcel delivery truck, taking into 

account the distances between each pair of nodes, traffic volume, left turns and other 

constraints. Similar practical application is proposed by Varela Rozados and Tjahjono 

(2014)—real time route optimization using spatial regression models as well as traffic 

density, weather conditions, transport systems constraints, ITS as types of data.  
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3. Research Methodology and Design 

This thesis follows a specific research strategy to increase confidence in the study’s 

findings. As Nenty (2009) puts it: “…research design involves procedures through which 

we can explore and analyse the relationship among the variables involved in our problem 

with minimum error while controlling for sources of extraneous variability.” Using 

machine learning models, which will be a large part of this quantitative work, this author 

will seek to predict delivery times with company data as input. The step-by-step analysis 

will be performed based on the chosen research strategy, which will be discussed in this 

chapter. 

As extracted from the literature review from the previous chapter, there are many different 

techniques and inputs to predict travel or arrival time as well as factors that cause delay. 

More importantly, there is a lack of studies that focus on investigating prediction time in 

commercial transportation. This thesis aims to predict delivery time in e-commerce with 

the aid of internal company data as inputs and hopefully contribute to this research field.  

The remainder of the present chapter is structured as follows: Sub-chapter 3.1 explains 

the methodology and design used for the data analysis; Sub-chapter 3.2 briefly presents 

the technologies and tools employed to collect and process the data; Sub-chapter 3.3 

reviews the procedure of data gathering. Finally, sub-chapter 3.4 exposes the required 

data cleaning and preparation approach to transform the data into a format suitable for the 

ML algorithms. 

 Research Approach 

The methodology that was followed for the purposes of this research is the deductive 

approach. This approach usually begins with a hypothesis and is aimed to test theories 

(see Figure 10). This thesis incorporates a mix of qualitative and quantitative methods 

with the goal of addressing the overall research purposes: a systematic literature review 

and a case study through data analysis using predictive analytics techniques.  
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Figure 10 Link between theory and data. Adapted from Straube (2018) 

 

As a qualitative method, the systematic literature review in chapter 4 aims to gain a 

greater understanding of studied phenomena and concentrates more on finding opinions 

and experiences. By the end of the SLR, this author expects to get more ideas of the 

current situation in delivery time predictions in SCM using predictive analytics. 

Afterwards, a case study will be conducted by analysing the data from the delivery 

platform company in the chapter 5. The quantitative method is used to quantify the 

problem through generating numerical data. Within the scope of this thesis, the results of 

the data analysis will show whether delivery time can be predicted using certain defined 

variables.  

 Instrumentation 

The data analysis was performed with the following tools and specifications: 

• Looker (a browser-based data analysis and data visualization platform) 

• Microsoft Excel for Office 365 ProPlus  

• Python v3.6.6.  

o Libraries include pandas, numpy, scipy, sklearn, matplotlib, seaborn, and 

imblearn. 

• ThinkPad X240  

o Operating system: Windows 10 Pro 

o Processor: Intel(R) Core(TM) i5-4300U CPU @1.90GHz 2.49 GHz 

o RAM: 8.00 GB 
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 Method for Data Collection 

As mentioned in the first chapter, the data used for this research was provided by the 

Delivery Platform and contains the shipment data from one of their clients in the food and 

health industry (the “Seller”). Although explicit authorization to use the data for this 

research was received, the companies and any identifying information related to the 

operations of the companies involved were anonymized throughout this paper. Any 

identification (ID) used in this paper are anonymized IDs assigned during the analysis, 

and not the actual IDs used in at the Delivery Platform. 

Delivery Platform is a logistics start-up specializing in end-to-end delivery solutions for 

European-based online shops. The philosophy behind their business model is to 

revolutionize the international cross-border shipments from single touch-points to a 

seamless customer journey by efficiently managing the physical supply chain from 

clients’ warehouse to the consumer’s doorstep. Beside physical parcel delivery, they also 

offer a SaaS-based software solution that provides their clients with a continuous 

monitoring, tracking solutions and a proactive customer communication.  

In a real business application, it is usually necessary to bring data together from different 

departments (Witten et al. 2017). Different departments have different types of record 

keeping and different conventions. The data must be assembled, integrated and cleaned 

up. This is where a standardized company-wide database warehousing plays a big role. 

The data for this study were extracted from the internal BI software and data analytics 

platform Looker. From a functional perspective, they contained information across sales, 

operations, freight forwarder and key account management teams. The quantitative data 

collection generated numerical data and was suitable if a large dataset could be collected. 

Figure 11 shows how the data are flown within the company’s internal and external 

platforms and made available in Looker. 

 

 

 

 

 



25 

 

Figure 11 Data architecture of Delivery Platform 

 

Data obtained from different sources are transferred into the internal company’s 

management systems and integrated into a cloud-based data warehouse. The data 

integration tool consolidates the data from different sources and provides users with a 

unified view of these data (Lenzerini 2002). The quality of the data viewed in Looker is 

therefore strongly dependant on the design of the data integration system, as the system 

is responsible to cleanse, transform and map the data for the users to use. Data in Looker 

is automatically updated as soon as there is any update or changes in the data warehouse.  

Data collection in Looker was quite straightforward—any data on shipments or transports 

can be easily explored by clicking on the fields, e.g. features of the data that will be 

depicted as columns, and filters by non-technical personnel. The shipment data contain 

27 fields as columns and filtered by the following fields:  

• Customer Address Country: European countries (EU as well as non-EU) 

• Shipment Created At Date: September 2018 

• Shop Name: Seller 

The raw data describe the shipments coming from the Seller to their European-addressed 

customers in September 2018. Irrelevant features, e.g. shop order-related information, are 

removed. For a better visualization Appendix A shows a sample of the data with changed 
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data points with the purpose of data protection. After fields were chosen and filters were 

applied, Looker ran the query and the data are saved into a CSV file.   

Upon inspecting the CSV file, there are 62902 entries or rows for that month alone. A 

preliminary data cleaning process is necessary as numerous data points are missing in 

several columns. To get a better overview of the data, the CSV file was imported into an 

Excel sheet where a descriptive analysis would be performed. 

 Method for Data Preparation 

Data preparation has long been a hot topic in the data mining community. As Zhang and 

colleagues pointed out in their “Data Preparation for Data Mining” paper, “data 

preparation is a fundamental stage of data analysis” (Zhang et al. 2003). They added that 

transforming data into cleaned forms can be used for high-profit purposes and to reach 

that goal, there is an imminent need for data analysis aimed at cleaning raw data. Cleaning 

and preparing data are so time consuming, that it has been generally found that it takes 

approximately 80% of the total data engineering effort. Witten et al. (2017) also pointed 

out that preparing input for data mining “consumes the bulk of the effort invested in the 

entire data mining process” and one has to understand those complexities. 

Real-world data are often regarded as “dirty”. Zhang et al. broke down the importance of 

data preparation in three aspects. First, missing, noisy and inconsistent data have the 

potential to disguise useful patterns. Secondly, data preparation leads to a smaller but 

cleaner dataset than the original one, which enhances the efficiency of data mining and 

reduces its running time, e.g. by selecting relevant data or sampling. Lastly, data 

preparation promotes high quality data which results in quality patterns. 

Therefore, there are enough reasons to prepare the data before analysing them, i.e. before 

feeding them into the ML algorithms. A two-step data preparation is used for this goal. 

First, a descriptive analysis of the data will be performed by using Excel to remove 

missing data points in key features and find correlations. Then, the dataset will be 

balanced and standardized using Python libraries (scikit learn and imblearn). 
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4. Systematic Literature Review: the Application of 

Predictive Analytics on Delivery Time 

There are numerous motivations to conduct a systematic literature review. With the ever-

increasing demand on scientific publications, academics and scholars cannot be expected 

to search through every single paper relevant to their work (Erren et al. 2009). Hence it 

is necessary to synthesize recent literature in a professional way. It is useful to describe 

the available knowledge as well as to identify projects and techniques of a topic (Fink 

2005). Petticrew and Roberts (2006) stated that the systematic review is a scientific tool. 

One should get an overview of what has been done on their research issue. They even 

argued that one should first search for any existing systematic reviews before embarking 

on the task of conducting a SLR. 

The previous chapters provided the necessary context and addressed the research 

objectives of this thesis. This chapter is organized as follows: Sub-chapter 4.1 discusses 

the research methodology of the systematic literature review, in which the literature 

locations and inclusion criteria were presented; Sub-chapter 4.2 reviews the results of the 

literature research and sub-chapter 4.3 concludes with the scientific implications of the 

literature. 

 Research Design 

The thesis applies a systematic review approach to identify analytics techniques to predict 

delivery time in e-commerce. A general framework of this will be discussed intensively 

in this sub-chapter. An exhaustive assessment of current literature relevant to the 

application of predictive analytics on delivery time will be conducted according to SLR 

guidelines in SCM (Durach 2015). Literature is searched in multiple databases using a 

certain search string and around 26 articles that meet the crafted inclusion criteria are 

selected.  

 Literature Search 

The literature search is performed through two research platforms: Web of Science 

and EBSCO. All available databases were selected in the former platform, meanwhile 

the latter is only set for the database Business Source Complete, as the other databases 

do not focus on fields relevant to this study. These platforms were chosen as they offer 
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the most popular, fully indexed, curated databases in the scientific and business world (Li 

et al. 2018; Okoli and Schabram 2010). 

Before determining the final search strings for the SLR, initial search attempts using 

different search strings were performed. It became apparent that there is no sufficient 

literature about delivery time prediction specifically for commercial transportation. The 

search results are mostly within the scope of arrival time predictions in public 

transportation, such as busses. These articles are also valid for further examinations in 

this research, as the techniques to predict time travel can be transferable from one 

transportation to the other. The search string for each research platform is constructed as 

seen in Table 2.  

Table 2 Search strings 

Despite the different approaches on the search, the results of both research platforms 

showed a big overlap. Web of Science produced considerably more results than EBSCO, 

as it searched more than one database. Business Source Complete covers about 2000 full-

text journals and magazines, meanwhile Web of Science covers about 18000 journals in 

total from all its databases (EBSCO 2017; Clarivate Analytics 2017).  

 Literature Selection 

To protect the objectivity of the SLR, the review should be conducted through a certain 

protocol, i.e. a plan with explicit descriptions of the steps to be taken (Tranfield et al. 

2003). This thesis intends to answer the defined research question about what analytics 

techniques are employed to predict shipment delays as well as to come up with a 

conceptual framework for actions and communication system within the organization. 

Therefore, this SLR can be interpreted as a process of exploration, in which a flexible 

protocol would be suitable as it can be modified throughout the study. 

 Search strings 

Web of Science 

(TS = ("arrival time" OR "delivery time") AND TS = 

(prognos* OR forecas* OR estimat* OR predict*) AND TS = 

(transport* OR logisti*)) 

EBSCO 

("arrival time" OR "delivery time") AND (prognos* OR 

forecas* OR estimat* OR predict*) AND (transport* OR 

logisti*) 
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Due to the above-mentioned lack of papers about delivery time prediction in commercial 

transports, the inclusion criteria are modified to also include travel time prediction within 

public transportation, as seen in Table 3. One reason to do so is that the techniques to 

predict time travel can be transferable from one transportation to the other. The review is 

conducted solely by the author. After going through the inclusion criteria, 24 papers are 

selected. 

Table 3 Inclusion criteria 

Using the reference program Citavi, the citations and bibliographical information of each 

selected papers are imported and managed. 

Figure 12 shows the literature selection process. With 988 and 109 search results on Web 

of Science and EBSCO respectively, these had to be refined by multiple features, such as 

document types, publication years and research areas. This step helped to filter out old 

and irrelevant papers.  

Figure 12 Literature selection process 

 

 

 Inclusion Criteria 

1 Abstract must contain analytics as the focus of the research 

2 Abstract must mention the role of forecasting or prediction on transportation or 

logistics with historical data 

3 Abstract must show indication of impact of analytics on delivery, arrival or travel 

time 

4 Article must be written in English 
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As previously mentioned, there is a complete overlap between the search results of both 

platforms. All the filtered 69 EBSCO articles are to be found in the 376 articles in Web 

of Science.  

A snowballing process is performed to search for possible missing papers. Snowballing 

refers to the use of the reference list of a paper or the citations to the paper to identify 

additional sources (Wohlin 2014). In this context, forward snowballing was carried out, 

where new papers referenced in the initially selected papers are identified. Afterwards, 

the same selection process is performed, i.e. title, abstracts and keywords of the 5 

snowballed papers are analysed using the inclusion criteria. Finally, a total of 26 literature 

are selected (see Appendix B). 

 Literature Synthesis 

In order to reduce human bias and error, a literature data extraction form is employed 

(Tranfield et al. 2003). The 24 studies were analysed and entered into a Google 

spreadsheet containing general features, such as topic, problem, goal, methods, 

techniques, challenge and conclusion of each paper. Having the summary of all studies 

collected in one sheet lead on to a clearer overview of the literature results, which 

simplified the literature synthesis.  

From the selected literature, 22 studies addressed the arrival or travel time prediction of 

public transportation, with 21 studies delving into bus arrival time predictions. Only the 

two remaining papers dealt with commercial transportation, i.e. truck arrival time 

prediction in certain distribution centres and delivery time prediction in freight rail 

networks. Studies on delivery time prediction on commercial transportation are visibly 

scarce. In addition, the term predictive analytics is not commonly used or even mentioned 

in 23 papers. Instead, all of them use the term machine learning. As previously discussed, 

ML is widely deemed in today’s world as an outstanding predictive analytics technique 

due to its effective algorithms and frameworks that result in a great predictive accuracy. 

Simultaneously, predictive analytics are a part of the ML domain which is limited to 

predicting future outcome from data based on previous patterns. Therefore, there is an 

overlap in both fields. For the sake of simplicity, this thesis took into account studies that 

mention one or both terms. 

https://www.educba.com/predictive-analytics-vs-data-science/
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 Results 

Based on the information synthesized from the SLR, this sub-chapter seeks to review the 

results of the literature analysis related to the research objectives, previously mentioned 

in sub-chapter 1.2. 

RQ1: What predictive analytics techniques, based on historical data as input, can be used 

to predict delivery time? 

Due to the scarcity of papers about predictions in commercial transports, the topic of 

forecasting delivery time is rarely to be found in the SLR. Techniques used in predicting 

arrival or travel time were analysed instead. Before delving into specific prediction 

methods, several researchers have published various groups of forecasting models and its 

potential use-cases. Kumar and his fellow researchers divided methods employed to 

predict arrival or travel time into two categories: data-driven and less data-driven 

techniques (Kumar et al. 2017b; Kumar et al. 2017a; Kumar et al. 2014). Data-driven 

techniques are those that have a historical approach, i.e. use historical data, and handle 

large scale of datasets. These encompass all machine learning techniques. Whereas less 

data-demanding techniques are model-based approaches suitable for real time 

implementation, as they require less data. However, the key to good prediction accuracy 

lies on how good the inputs are, irrespective of type of technique used. Therefore, the 

identification of which inputs are significant for a prediction model is also a crucial step.  

Another classification was proposed, in which forecasting models are clustered into three 

groups as shown in Figure 13 (Treethidtaphat et al. 2017; Altinkaya and Zontul 2013; 

Choudhary et al. 2016). Models based on historical data are suitable for areas in which 

traffic patterns are stable, as predictions are built from historical travel time of precedent 

journeys (Choudhary et al. 2016). Statistical models incorporate independent and 

dependent variables that affect travel time and are expressed in mathematical functions 

(Altinkaya and Zontul 2013). ML models excel in dealing with complex, non-linear 

relationships between predictors within a huge amount of data and in processing noisy 

data. 
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Figure 13 Types of prediction models 

 

From the selected literature, ML models are the most common method used for arrival 

time prediction. This is probably due to the unpredictable nature of travel and the sheer 

amount of data that must be processed. 

Furthermore, specific prediction models are going to be explored in the next part of the 

sub-chapter. In Appendix C, prediction techniques discussed in the papers are listed, 

along with the frequency of appearance in the studies.  

Artificial Neural Networks 

Across all the selected studies, the ANNs technique is the most commonly written ML 

technique, i.e. 13 of the studies analysed it. However, only 5 of them are in favour of the 

technique, while in the other 5 studies the ANN’s predicting performance and accuracy 

did not perform the best, when compared with other models. Alongside the traditional 

ANN, different NN-based models were also discussed in the selected literature: Random 

Neural Networks (RNNs), Deep Neural Networks (DNNs) and Radial Basis Function 

Neural Networks (RBFNNs).  

ANN is a general term that scientists use to refer to predicting models that are based on 

neural network, a massively parallel distributed processor made up of simple processing 

units that have a natural propensity for storing experimental knowledge and making it 

available for later use. In this study, conventional NN-based models are simply called 

ANN. Kumar et. al (2017a; 2014) and Yaghini et al. (2013) showed that their ANN 
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models outperformed other predicting models, under certain circumstances. In Kumar et. 

al’s experiment with data collected through GPS from a bus route in India, they compared 

the performance of travel time prediction based on the data-driven technique Artificial 

Neural Network (ANN) and model-based approach Kalman Filtering Technique (KFT). 

KFT is a widely used estimation technique to predict traffic parameters such as density, 

travel time, etc. It was observed that ANNs only performed better if the input data 

amounted to at least two weeks. They concluded that the performance of the prediction 

selection depends on the database size and quality. Yaghini and his colleagues compared 

the results of three data inputs (i.e. normalized real number, binary coding and binary set 

encoding values) in three different network architectures (i.e. quick, dynamic and 

multiple method) and with three predicting models: ANN, decision tree and multinomial 

logistic regression. Quick method referred to a method, where only a single ANN is 

trained, whereas the dynamic method had a changing topology during training, with 

neurons adjusted to improve accuracy. Lastly, in the multiple method, multiple networks 

were trained in parallel, where the model with the highest accuracy won. Their outcomes 

revealed that the ANN model is a great solution as it had the greatest accuracy and a low 

training time.  

Chen (2018) proposed random neural networks to randomly train several ANN models 

as an alternative to the traditional ANN to predict the arrival time of motor carriers. RNNs 

were developed to mimic the spiking behaviour of biological neurons in the brain 

(Timotheou 2010). Contrary to most artificial NN models, neurons interact with each 

other via excitatory and inhibitory spikes which modify each neuron’s action potential in 

continuous time (Yin 2018). When a biological neuron is excited, it transmits a set of 

signals, or spikes, along its axon to either excite or inhibit the receiving neurons. Hence, 

this combined effect of excitatory and inhibitory inputs modifies the potential level of the 

next neuron and determine whether it will become excited. In her study, Chen’s RNN 

model outperformed previous statistical approaches and datamining methods, which 

included the statistical mean value, logistic regression and backpropagation ANNs, with 

a 94.75% accuracy in highways and 78.22% accuracy in urban roads. 

A Deep Neural Network (DNN) model was proved superior by Treethidtaphat et al. 

(2017) to develop a bus arrival time prediction at any distance along the route. A DNN 

model is an ANN model with multiple hidden layers between the input and output to deal 

with the large and complex variable relations. Using a public bus data collected by GPS, 
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they compared the result of this model with the one of ordinary least square (OLS) 

regression model—it showed that DNN model outperforms OLS prediction for the three 

measures: MAE, RMSE, and MAPE. 

Combining historical and real-time situation data to forecast bus arrival times, Wang et 

al. (2014) applied the RBFNN model in their two-phase approach. First, RBFNN model 

is used to approximate the non-linear relationship in historical data then real-time 

information using KFT is fed to the system to adjust the actual situation, which would 

modify the predicted result of the first phase. RBFNN is an ANN that uses radial basis 

function as activation function which can provide a global approximation to the target 

function and it typically has a structure of only three layers, i.e. one hidden layer. In 

contrast with multiple linear regression, backpropagation NN and conventional RBFNN, 

the adjusted RBFNN showed achieved the lowest MAPE. 

Support Vector Machines 

With the sum of 8 papers, SVMs are the second most common time prediction method. 

Yang et al. (2016) argued that SVMs partnered with genetic algorithm (GA-SVM) 

showed a more accurate prediction than other methods, such as the traditional SVM and 

ANN model. Additionally, Peng et al. (2018) showed that pairing Principal Component 

Analysis and genetic algorithm with SVM (PCA-GA-SVM) provided even higher 

prediction accuracy than GA-SVM.  

Inspired by Darwin’s natural evolution theory, GA provides a learning method where 

successor hypotheses (analogous to chromosomes) are generated by repeatedly mutating 

and recombining parts (analogous to genes) of the fittest hypotheses (Mitchell 1997). A 

visual explanation can be seen in Figure 14. At each iteration, a set of hypotheses called 

the population is updated by replacing some parts of the population by offspring, or child, 

of the best hypotheses. 
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Figure 14 Genetic algorithm 

 

Hypotheses are represented by bit strings. The hypotheses contain a set of parameters or 

variables known as the genes. The best hypothesis is defined as the one that optimizes the 

given problem called fitness function. Hence, the fitness function is the function that the 

algorithm is trying to optimize. GA is therefore a randomized search method to increase 

the speed and optimality of the parameter selection (Yang et al. 2016). In their GA-SVM 

study, Yang and colleagues optimized the penalty parameter C and kernel coefficient γ 

then applied these optimized parameters into the SVM model. The GA-SVM model 

resulted in the lowest RMSE when it was compared with NN and conventional SVM 

method. 

PCA is a popular multivariate technique to reduce the dimension of characteristic index 

of the data using inter-correlated quantitative dependent variables to describe features or 

observations (Abdi and Williams 2010). The extracted important information from the 

data table is expressed as a new set of new orthogonal variables called principal 

components. By compressing the size of the dataset, it simplifies the description of the 

dataset itself and also shortens the time of training. Peng et. al modelled a 3-step 

prediction process in their PCA-GA-SVM study. First, PCA was applied to compress the 

dimension of the SVM’s training data samples. Secondly, GA was performed to 

determine parameters, such as the penalty coefficient C and RBF kernel function value γ, 

which would then be fed into their SVM model. Last, a dynamic slippage was applied to 

adjust the time, so that the model could retrain sample and continue to predict when 

forecasting the next bus stop. By comparing the prediction results with those of GA-SVM, 
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variable-parameter state-space model, and traditional SVM, PCA-GA-SVM always 

performed the best measured by effectiveness indicators MAPE, MAE and RMSE. 

K-NN 

K-NN can be used as a classifying algorithm to select prediction inputs by identifying 

trips from the historic data that share resemblance to the current trip (Kumar et al. 2018). 

The output of the algorithm would be historical trips that have a similar pattern as the 

current trip. In order to do so, a sensitivity analysis is carried out to determine the 

optimum number of previous trips that happened before the current trip. Analysing the 

MAPE behaviour, the optimum number was 4 historical trips. That means, 4 previous 

consecutive trips were taken as input for the current trip estimation. By calculating the 

Euclidean distance between the current trip and the 4 historical trips, similar trajectory 

patterns could be identified and used for the estimation step. The algorithm can update 

itself for each trip as a function of the previous trips in real time. Regarding this particular 

study, the k-NN model was not used as the estimation method, but only as an input 

selection classifier. 

One study focussed on the discussion of a modified k-NN model as a bus arrival time 

predictor. Liu et al. integrated a k-NN method with cluster analysis and PCA, using 

historical GPS data as input (Liu et al. 2012). The data acquired through GPS is incredibly 

large in order for it to cover all the possible bus arrival time patterns, but at the same time 

data redundancy would slow the runtime heavily. The clustering method was useful to 

improve this trade-off. The PCA came in handy to reduce the dimensionality of the state 

vector. 

Other models 

Hybrid models have in recent times appeared as a positive prediction approach, but their 

deployment is hindered by the inherent complexity of these models and no hybrid 

prediction model has been developed with the goal of real-time bus travel time prediction 

(Fadaei et al. 2016). Fadei et al. proposed a hybrid model that is composed of a linear 

combination of schedule, instantaneous and historical predictors. The model required 

estimating the weight of each predictor and parameters associated with the instantaneous 

and historical data, which are collected by AVL device. 
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Similar concept of using different data sources is also developed by Agafonov and 

colleagues (Agafonov et al. 2015). They used real-time, historical and timetable data for 

their linear regression model and concluded that calculating separately coefficients for 

each road network segment and taking delays in real-time data into account achieved the 

best prediction results. Chen et al. (2013) evaluated their proposed regression-based 

model by comparing it with a historical-based model and came to a conclusion that the 

regression-based model achieved a better prediction after buses have passed the 7th bus 

stop due to the stability of the estimated regression parameters after the 7th bus stop. 

RQ2: What are the factors that have an impact on delivery time? 

Analogous to the previous research objective, delivery time would be substituted to 

arrival time or travel time due to the scarcity of literature on commercial transports.  

The papers offer different approaches, theories and models, which come with different 

eminent features for the prediction. Many of the selected literature have based their 

prediction on historical travel time of prior journeys on the same span of time (Kumar et 

al. 2014; Sun et al. 2017; Wang et al. 2014; Maiti et al. 2014; Chen 2018; Li et al. 2017). 

This basis is only reliable in places with traffic congestion is minimum. Unfortunately, 

that is not the case in real-world traffic. To tackle this problem, real time data is taken 

into account in the prediction calculation (Maiti et al. 2014; Fadaei et al. 2016; Sun et al. 

2017). Real time data include road traffic condition, weather, time of day, etc. In the 

example of the bus arrival time prediction conducted by Wang et al. (2014), a two-phase 

method is employed: training an RBFNN model using historical data and then adjusting 

the baseline data from the RBFNN model by developing an online filter method to import 

the instant speed in real-time. 

Chen et al. (2013) stated that there are four types of factors that contribute to travel time. 

First, there are the infrastructure factors, which include the number of stops, the number 

of signal-controlled intersections and the length of segment. Second, there are the external 

conditions, such as weather and traffic conditions. Then, driver behaviour, e.g. schedule 

recovery behaviour, and lastly operation management, such as the timetable and 

schedule. 

Choudhary et al. (2016) summarized the factors that impact on forecasting the arrival 

times on busses (see Figure 15). 
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Figure 15 Factors to bus arrival time prediction 

 

RQ3: What courses of actions and restructuring of the analytics or IT system should be 

undertook in the organization to ensure on time delivery time? 

As almost all the literature deals with time prediction in public transportation, there are 

no concrete courses of actions or any structure of communication system recommended 

for private businesses to ensure delivery times. However, some of the papers give advice 

regarding the computer software or communication system architecture, which can 

potentially be adapted to commercial applications.  

To obtain high quality data in transportation, it is key to optimize the equipment routing, 

e.g. AVL in public transportation. These devices are installed on buses or trains in service 

and collect archive the stop-level information, such as vehicles arrive at a stop or leave it, 

in real time (Chen et al. 2013). In their experiment, Wang et al. (2014) designed a 

computer system architecture to implement their bus arrival forecasting approach (see 

Figure 16). The design is divided in three main components: Server Scope that handles 

the data from the vehicle and users, uses the data to train the model automatically and 

does online prediction for any request; Vehicle Scope that collects bus vehicle operating 

data; and User Scope which provides the interface for the users in order to satisfy their 

request for any specific bus arrival time prediction. 
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Figure 16 Computer system design (Wang et al. 2014) 

 

 Insights from the Literature Reviewed 

This chapter analysed a set of literatures on predictive analytics techniques and factors 

for delay prediction that have been studied and published since 2009. A sample of 26 

articles is selected for further review. The SLR has shown that the current studies of 

predictive analytics in delay prediction are weighted towards the prediction of arrival or 

travel time in public transportations, mainly busses. There is a big lack of studies in 

delivery time prediction specifically for commercial transportation. The main points of 

differences between public and commercial transportation are that the public 

transportation focuses on: 

• Public transportation vehicles, such as busses and trains, instead of commercial 

delivery vehicles 

• Arrival or travel time prediction instead of delivery time prediction  

The technical knowledge regarding both predictive analytics methods and factors in 

delivery time prediction are transferable between these two types of transportation.  

For the first research question, it is shown that there is a plenty of ML models as well as 

other predictive analytics techniques that were successfully employed to predict arrival 

or travel time, such as k-NN, SVM and ANN. However, not all articles unanimously agree 

on the same algorithm as the best predictor. There are even articles that contradicts each 



40 

 

other in their analysis results. These ML models will be further studied in the data analysis 

chapter, in order to predict delivery time. 

For the second research question, the transferability of the literature review results to the 

commercial transportation domain is a bit problematic. The factors that impact the arrival 

or travel time are collected real time through AVL devices, with which the public 

transportation vehicles are equipped. Meanwhile, the commercial trucks are not equipped 

with this data collection devices. External factors, such as weather and traffic conditions, 

are also hard to be taken into account in the delivery time prediction within the scope of 

this thesis. This is due to the large area the e-commerce deliveries cover, as the object of 

case study is a delivery platform that specializes in European-wide cross-borders 

deliveries. Therefore, the factors that contribute in the prediction of a city public busses 

may not be the same as the ones that impact cross-border European commercial 

deliveries.  

Lastly, the lack of management recommendations regarding what courses of action had 

to be taken and how the communication system should be designed within an organization 

to ensure on-time deliveries (see RQ.3) is due to the discipline that mostly experiments 

with this type of predictions. Articles that study the arrival or travel time prediction on 

public transportation are likely published in ITS-related periodicals, and not in business 

or SCM journals. Therefore, they are unlikely to offer organizational and business 

recommendations.  

In summary, the selected literature on public transportation has showed that machine 

learning techniques are suitable to predict arrival time, but the factors for arrival time 

prediction for short-distance trajectories, which are mostly the case in public 

transportation, might not be the same for long-distance commercial transportation. 

Recommendations regarding courses of actions or organizational communication system 

to ensure on-time deliveries are hardly provided through this SLR. 
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5. Delay Prediction: The Analysis  

The previous chapter has shown that there is a lack of available bodies of literature that 

have dealt with delivery time prediction in the domain of e-commerce. However, ML 

models have been proven to be good techniques to forecast arrival or travel time of busses 

and trains. From these insights, the chapter aims to show quantitatively whether ML 

models are applicable to predict delivery time in parcel deliveries, using the internal 

historical data from the delivery platform company. An extensive data analysis will be 

performed in a detailed manner and the results will be summarized.  

The first sub-chapter introduces the current supply chain within the Delivery Platform. 

An Excel data pre-processing is carried out in order to see the data better as it is formatted 

in a tabular form, then followed with the exploratory data analysis to check correlations 

(sub-chapter 5.2). Sub-chapter 5.3 describes additional steps for data pre-processing, such 

as variable encoding, data splitting, synthetic resampling and standardizing. After the data 

is cleaned, the ML models are built, as described in sub-chapter 5.4. Sub-chapter 5.5 

explains the application of K-fold stratified cross-validation on the built models and 

compares the results to the ones from the previous sub-chapter. The best performing ML 

models are selected for hyper-parameter tuning and feature importance identification in 

sub-chapters 5.6 and 5.7, respectively. Finally, the findings of this chapter’s quantitative 

data analysis is summarized in sub-chapter 5.8. 

 Understanding the Current Supply Chain 

The main cost-effective aspect of the business is the consolidation of parcels originated 

from various German-based online shops into one truck, subsequently feeding them into 

existing local carrier networks. The business idea is based on building their own virtual 

premium network from existing transport networks, which are specialised regionally, but 

also limited locally, and extending it all over the world. Hence, the company has partnered 

with a logistics firm that offers a consolidation hub and with more than 100 carriers 

worldwide. Figure 17 visualizes the supply chain of the Delivery Platform.  
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Figure 17 Supply Chain of Delivery Platform 

The parcels are scanned in each touch point and recorded in the tracking system, which 

can be viewed real time through the company’s software solutions and BI platform. There 

are two ways to handle the incoming parcels from the shops: consolidation in a pallet or 

PiP (Parcel in Parcel). Pallet consolidation, as the name suggests, is the consolidation of 

parcels either from one or from multiple online shops into one pallet. PiP is the 

consolidation of parcels into one larger package, large enough to still ship them through 

courier vans. The selection of packaging type depends on the types of products and the 

shop’s requests. Generally, pallet consolidation enables shops to ship out large amount of 

their products and lower their shipping costs, especially if they send out heavy or bulky 

shipments. PiP, on the other hand, is suitable for shops that ship out light and small 

parcels, as huge quantity of the parcels is needed to fill in a palette to make it worth it; 

for parcels that have to be delivered quickly; and also for parcels that are shipped to a 

regions where there are yet few parcels that go there.  A good example of shops that 

usually employ PiP are shops that sell smartphones and laptop cases. Most of them do not 

have enough orders in a day or two to fill one pallet and they do not have robust packaging 

that support pallet transportation. 

PPU is the planned time a parcel should be picked up from the shop’s warehouse. FHS is 

the point of time at which a parcel is scanned in the consolidation hub, preparing it for 

the journey to the LMC hub. FDA is the point of time in which the parcel is delivered to 

the end customer’s door for the first time. Delivery time is the point of time, in which the 

end customer receives the parcel. Therefore, FDA does not always mean delivery time, 

Online Shops Consolidation Hub LMC Hub Customer 
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as the parcel can also be not received in the first delivery attempt for whatever reason, 

e.g. customer’s absence, refusal of acceptance, etc. There are cases of big difference 

between FDA and delivery time, reaching up to 42 days. An explanation for this 

phenomenon is entry error or lost parcel. The shipping time variables could be good 

features to investigate the causes of shipment delay.  

 Initial Data Pre-processing and Exploratory Data Analysis 

It is a good practice to understand the data first and try to gain insights from it. EDA is a 

statistical strategy to that provides conceptual and computational tools for discovering 

patterns with the goal of discovering patterns in data, which stemmed from the area of 

psychology in the early 1960s (Behrens 1997). The technique is characterized by multiple 

aspects, such as that it puts an emphasis on the understanding of data that address the 

broad question of “what is going on here?” and an emphasis on visual representation of 

data. EDA relates to detective work, a view that its founder John Tukey regarded. Yu 

(2017) in his paper “Exploratory Data Analysis” remarked that the role of a researcher is 

to explore the data in as many as possible until a plausible “story” comes to the surface. 

It is, therefore, a systematic way to investigate a situation from multiple perspectives.  

EDA plays a big role in data mining as it eases the tediousness and arduousness of 

detecting data patterns in large and wide datasets. Beside discovering patterns, it can help 

to spot anomalies, to test hypothesis and to check assumptions using descriptive statistics 

and visual representations. In other words, EDA is about making sense of data in hand, 

before polluting them with it. 

 Check Missing Values 

From the initial approximately 63000 rows of dataset, there was a huge disparity between 

on time and delayed shipments, with around 58000 and 4500 shipments, respectively. A 

shipment is considered delayed if the delivery time surpasses that of the SLA.  

After removing duplicates, the next step would be processing missing data, which became 

apparent as soon as the CSV file is imported into Excel (see Table 4). All the 942 rows 

without shipment tracking codes also did not have shipment delivery, FDA and FHS time 

stamps. These rows would not be any use for the prediction because of the grave lack of 

information.  
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As the study focuses on predicting delivery time as well as finding causes of shipment 

delays, it is crucial to choose solely rows that don’t have missing data points in any of the 

time stamps columns. Table 4 shows the amount of missing data points before and after 

removing rows with missing data. 

Table 4 Overview of  missing data points 

The dataset contained rows with empty Customer Address Country. In practice, carriers 

only perform business within their own country as stated in the column Carrier Company 

& Country, e.g. LMC1 – DE: LMC1 only does deliveries in Germany. Missing address 

countries can therefore be filled with values from Carrier Company and Country using a 

simple Excel string formula. However, there are exceptions: deliveries addressed to small 

countries, e.g. Liechtenstein or Monaco, are performed by the LMC operated in the 

closest country the “Delivery Platform” partners with. Fortunately, all the missing address 

countries are the ones that have their own operating LMCs. 

Several row removal attempts were made in Excel but it did not take long to find out that 

the author’s CPU did not support large data processing. This data cleaning was performed 

using Python’s pandas library instead. 

 Number of rows with missing data points in… 

Columns Raw dataset Cleaned dataset 

Shipment Tracking Code 942 0 

Customer ZIP Code 0 0 

Customer Address City 2 2 

Customer Address Country  116 81 

Carrier Company and Country 943 0 

PPU Time 5 0 

FHS Time 3095 0 

FDA Time 3423 0 

Delivery Time 3564 0 

Shipment Created Date 5 0 

Shipment Status 5 0 

Shipment delayed? 5 0 
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Figure 18 Data cleaning process 

 

 Feature engineering 

Upon searching literature on feature engineering, the author realized that there are almost 

no papers or chapters in books that are dedicated in this topic. Scott Locklin, a Machine 

Learning and Blockchain Engineer, wrote in his blogpost “Neglecting machine learning 

ideas”: “feature engineering is another topic which doesn’t seem to merit any review 

papers or books, or even chapters in books, but it is absolutely vital to ML success.” 

(Locklin 2014). Despite of the scarcity of literature, the performance of machine learning 

methods is heavily dependent on the choice of data features on which they are applied, as 

other researchers acknowledged. It is common practice to engineer new features from the 

existing ones, which might be ratios, differences or other mathematical transformations 

(Heaton 2016). Guyon and Elisseeff (2003) argued that feature engineering facilitates 

data visualization and data understanding, reduce measurement and storage requirements 

as well as training and utilization times and challenge “the curse of dimensionality” to 

refine prediction performance. Feature engineering is more than just feature selection. It 

is the process of extracting features from a raw dataset, transforming these features into 

ones which are easier to interpret and that better represent the underlying problem to the 

predictive models (Brownlee 2014). 

The purpose of the study is to examine what variables play in the delay of shipments. The 

time stamps variables, such as PPU, FHS and FDA, do not strongly correlate to delay, 

but perhaps the difference between these features do. The extraction of new features 

representing various shipping time duration variables would make the dataset easier to 

interpret.  

The time stamps columns are compared with each other by inserting new columns in the 

data. The specific variables are explained in Table 5 as follows. 
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Table 5 Shipping duration variables 

Beside obtaining new features, another benefit of extracting shipping duration variables 

is to check whether the data are correct. Logically, injections in any hub can impossibly 

occur after the parcel arrives at the end customer’s door, or vice versa. Unfortunately, the 

data contained these impossibilities, but this is obviously not the truth. In practical, 

logistics operations contain human errors. In a lot of these cases, the actors of the supply 

chain, whether they are packing, hub or LMC staff, did not record the parcel data correctly 

in the database or even forgot to scan the parcels, among other reasons. Rows that did not 

fill the requirement were removed from the dataset, reducing the dataset to 50024 rows, 

as seen in Figure 18. 

Some massive outliers were found in column PPU-FHS with 1046 days. These were 

removed. 

 Correlation of Delay with Other Variables 

In this sub-chapter, the correlation of various features with the delay is examined.  

Customer Address Country vs. Delay 

The cleaned data contains 15 countries in total, but delayed shipments only occurred in 7 

of them. Figure 19 displays the delivery timeliness in the 7 countries. The first 5 countries 

(Austria, France, Germany, Spain, Italy and Swiss) are the ones with the most shipping 

volume. One out of 6 parcels shipped to Luxembourg was delayed, which resulted in a 

Column Name Description Formula Requirement 

PPU - FHS 

Elapsed time between pick up 

time and injection in the 

consolidation hub 

PPU – FHS > 0 

FHS - FDA 

Elapsed time between injection 

in the consolidation hub and 

first delivery attempt at the 

customer address  

FDA – FHS > 0 

FDA-Delivery 

Elapsed time between first 

delivery attempt at the 

customer address and parcel 

received 

Delivery Time – 

FDA 
> 0 
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high delay rate of 0.167. Delay rate of 10% in a month is much, as there are 100 parcels 

delayed for every 1000 parcels shipped. Furthermore, Spain shows to be the second 

highest in the ranking, with more than 15% of shipments to Spain to be delayed. Germany, 

despite being in the third place, has the highest on time deliveries with 13,223 shipments. 

Figure 19 Delay by countries 
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Carrier vs. Delay 

In Figure 20, there is a strong correlation between the selection of LMC and delay rate. It 

is shown that the parcels shipped with the LMC G - FR are more likely to be delayed than 

the ones shipped with any other LMCs (around 21% of all G - FR shipments). This is an 

interesting revelation due to France having one of the lowest delay rate seem in Figure 

19.  

Figure 20 Delay by carrier companies 

 

Shipping Duration Variables vs. Delay 

Correlations between the shipping time features and delays were also examined and 

represented in violin plots, as seen in Figure 21. PPU-FHS varied from 0 to 32 days, 

where most of the shipments (99% quantile) had a duration of 0 to 4 days. For this reason, 

each shipping duration plot is divided into two: the top one being of the distribution where 

q≥0.99, whereas the bottom one is of the distribution where q<0.99. The violin plot shows 

that on time shipments had a relatively more concentration in the bottom plot and slightly 

less in the top one. There is only a mild difference between PPU-FHSdelay and PPU-FHSon-

time.  
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This right-skewed distribution is caused by outliers. Processing outliers might be a wise 

idea to do before feeding the data into the ML algorithms. 

Figure 21 Shipping duration variables on delays 

It was found that there was a substantially longer elapsed time on average between FHS 

and FDA and between FHS and delivery time (see Table 6).  

Table 6 Comparison of shipping duration 

 On time Delayed 

Avg. FDA-Delivery 0.21 1.49 

Avg. FHS-FDA 1.53 2.84 

Avg. PPU-FHS 1.77 1.84 

Shipping Days vs. Delay 

Figure 22 displays the share of delayed shipments from the total amount of delays in 

September, ordered by day in which the parcels were processed. 44% of all delayed 

shipments were picked up from the shops on Monday. This high number is not a surprise, 

as orders that are placed over weekends are usually abundant, waiting in line to be 
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processed. Meanwhile, parcels that were scanned on Mondays in the consolidation hub 

only resulted in around 19% of the total delays. One cause of this is that there are not as 

many parcels scanned in the hub as parcels delivered from the shops to the hub. It is 

common that the parcels picked up on Monday arrive until much later in the consolidation 

hub and are scanned the next day before they are further shipped to the next stop in the 

supply chain. 

Figure 22 Delay shares by day of the week 

 

Overall, there are no striking differences one can take from the FHS and FDA delay share, 

as the delays are spread consistently across all days, except on Saturdays and Sundays 

due to them not being workings days. 

 Further Data Pre-processing 

After the cleaned data are explored and correlations are discovered, certain measures were 

taken to maximize further the prediction results and minimize the running time. Data pre-

processing is a part of data preparation and a critical step toward building a working 
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machine learning model. Pyle (1999) argued that preparing the data correctly prepare both 

the miner and the data. He also added, “Preparing the data means the model is built right. 

Preparing the miner means the right model is built.” 

Pre-processing packages provide various common utility functions to change raw feature 

vectors into a representation that is more suitable for the predictive models. Python’s 

library scikit learn offers standardization, normalization, encoding categorical features, 

discretization, imputation of missing values, etc. 

However, data pre-processing approaches have rarely been studied directly, not to 

mention the orders these approaches should be performed (Locklin 2014). This decision 

is fully up to the engineers and scientists and are often completely experience-based. 

Within the scope of this thesis, features that would affect greatly the target variable are 

selected. Some of these features would then be encoded, which will be further explained 

in sub-chapter 5.3.1. The data were subsequently split into training and test datasets.  

The data reveals significant count difference between the delayed and on time shipments. 

In order to rectify the problem of class imbalance, the oversampling technique SMOTE 

was applied. This step, as well as data scaling, will be explained in sub-chapter 5.3.2.  

 Encoding and Splitting Data 

After EDA was performed, the next data preparation proceeded in two stages: encoding 

categorical variables and splitting the dataset into training and test datasets.  

Categorical data are variables that contain label values rather than numeric values. 

Categorical data are also called nominal data, a type of data that is used to label variables 

without providing any quantitative value (Corporate Finance Institute 2018). It is the 

simplest form of a scale of measure. Unlike ordinal data, nominal data cannot be ordered 

and cannot be measured. Many machine learning algorithms require that their input is 

numerical and therefore categorical features must be transformed into numerical features 

before it can be used in any of these algorithms (Ferreira 2018). 

There are many different encoding techniques and their application depends on the 

characteristics of the data. Some important encoding techniques are as follows: 

• Ordinal Encoding: encodes each unique value into an integer, starting from 1.  

https://corporatefinanceinstitute.com/resources/knowledge/other/ordinal-data/
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• Label encoding: encodes labels with value between 0 and the number of classes 

minus 1. Similar to ordinal encoding but this technique does not return a data 

frame on scikit learn. 

• One-hot Encoding: encodes categorical features as a one-hot numeric way—

which means that it creates one column for each unique value. The new column 

gets either a 0 or 1 if the row contains that column’s value or if it does not, 

respectively. 

One Hot Encoding, which is deemed as the classic approach by researchers and 

practitioners, is not suitable for high cardinality columns and decision-tree based 

algorithms (Hale 2018). This is logical because the higher variety of values a column has, 

the higher the dimension of the data frame will be, a phenomenon called the curse of 

dimensionality. Thus, the adequate selection of encoding techniques can mean a better 

model performance. As the data for this analysis does not contain many columns of 

categorical variables, the one-hot encoding method is chosen for this research. 

Categorical variables, such as Customer Address Country, Carrier, PPU day, FHS day, 

FDA day and Delivery day, were transformed into numerical values, widening the data 

into 56 columns in total.   

The encoding should be, in this case, performed before splitting, as the same encoding 

system is needed both in train and test datasets.  

After all variables were transformed into numerical, the data frame is divided into two: 

one that contained only the target variable y and one of the predictors x. Target variable, 

the variable whose values are to be modelled and predicted by other variables, is within 

the scope of this research would be the delay shipment, expressed in boolean data type 

with 1 is equal to delayed in column Delayed. Meanwhile, predictor variables are the ones 

whose values will be used to predict the value of the target variable. In this case, they 

would be the remaining 55 columns. 

Testing is an important part of building machine learning models. When the models are 

tested over the same data used to train them, the issue of overfitting might likely to occur. 

Hawkins (2004) stated in his journal article that overfitting is “the use of models that 

include more terms than are necessary or use more complicated approaches than 

necessary”. The models fit the training data too well, as they learn the noise in the training 

data to a degree that it negatively impacts the performance of the new data. 
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Using the train_test_split() function from scikit learn Python package, the entire 

dataset is split into training and test dataset, i.e. 66,66% and 33,33%, respectively. There 

are predictor variables and their associated target variable in training (x_train, y_train) as 

well as in the test dataset (x_test, y_test). The composition of the split is shown in Table 

7. 

Table 7 Shapes of split dataframes 

 x_ y_ 

train 33516 rows x 55 columns 33516 rows x 1 column 

test 16508 rows x 55 columns 16508 rows x 1 column 

train with delay 2334 rows x 55 columns 2334 rows x 1 column 

train without delay 31182 rows x 55 columns 31182 rows x 1 column 

 

 Synthetic Resampling and Standardizing 

From a total of 50024 shipments, 93% arrived on time and only 7% came late to the 

customers’ door. This is a huge imbalanced dataset with a ratio of delay to on-time 

instances of 93:7. Imbalanced class distribution refers to the issue with classification 

problems where the classes are not represented equally. In many cases, there is a large 

amount of observations for one class, or majority class, and much fewer observations for 

one or more other classes, or minority classes.  

With imbalanced dataset, classification rules that predict the minority classes tend to be 

fewer and weaker than those that predict the majority classes - subsequently, test samples 

belonging to the minority classes are misclassified more often than those belonging to the 

majority classes (Sun et al. 2006). Standard classifiers usually perform poorly on 

imbalanced data sets, as they are designed to generalize from training data and to return 

the simplest algorithm that best fits the data. Therefore, the simplest algorithm ignores 

the rare cases, as most of predictive models are built on the assumption that, maximizing 

the accuracy is the goal (Provost 2000). In other words, models look at the data and decide 

that the best thing to do is to always predict the majority class and achieve high accuracy. 

This is what scholars and data scientists call accuracy paradox, i.e. phenomenon where 

accuracy is not always a good metric to measure the quality of predictive models. In 

predictive analytics, accuracy paradox states that predictive models with a lower level of 

accuracy may have greater predictive power than models with higher accuracy.  
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Imbalanced datasets are in practice a common occurrence and in some cases, identifying 

rare instances is crucial. Few examples are fraud detection, where the vast majority of the 

transactions are not fraud; customer churn, where the majority of the customers stay with 

a certain service, and also few cases in medical fields such as cancer detection, where the 

majority of patients do not have cancer. As Rocca (2019) pointed out in his blog post 

“Handling imbalanced datasets in machine learning”, it is important to detect “naïve  

behaviour”, as the resulted high accuracy is due to the imbalanced class dataset. 

Additional performance metrics, such as confusion matrix, precision and recall, should 

be taken into consideration, alongside accuracy. Even though it sounds trivial, collecting 

more data could balance the dataset. A larger data shape might uncover a different 

perspective on the classes. 

The state-of-the-art research methodologies to deal with imbalanced class issues can be 

categorized into the following: 

1. Sampling strategies. One common practice is to artificially rebalance the training 

datasets, either up-sampling (adding copies of instances from the under-

represented class) or down-sampling (removing instances from the over-

represented class) (Provost 2000). These two techniques are commonly known as 

over-sampling and under-sampling, respectively. Various studies in imbalanced 

datasets have experimented different types of over- and under-sampling and have 

presented conflicting viewpoints on usefulness of over-sampling versus under-

sampling (Chawla 2010). Random under- and oversampling methods have both 

their short-comings. Random under-sampling has the potential to remove certain 

important features useful for the prediction, and random oversampling can lead to 

overfitting. 

2. Synthetic data generation. This technique aims to tackle the imbalance by 

artificially generating data samples (He et al. 2008). A well-known synthetic data 

generation technique is SMOTE (Synthetic Minority Oversampling Technique), 

which will be applied for the quantitative data analysis of this research. In 

SMOTE, over-sampling by replicating synthetic minority instances can lead to 

similar but more specific regions in the feature space as the decision region for 

the minority class and shifting therefore the classifier learning bias toward the 

minority class. Another technique, ADASYN (Adaptive Synthetic Sampling 

Approach for Imbalanced Learning) generates more synthetic data for minority 
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class instances that are harder to learn compared to those minority instances that 

are easier to learn, and thus adaptively shift the decision boundary to focus on 

those difficult to learn instances. 

3. Cost-sensitive learning. Different from the previous strategies, this approach does 

not modify the imbalanced data distribution directly. Using a set of cost-matrix 

for different type of errors, it facilitates learning from imbalanced datasets. One 

example of this approach is the application of misclassification costs on any 

particular data sample. Instance-weighting can also be used to induce cost-

sensitive trees that results in better performance (He et al. 2008).  

4. Active learning. This strategy uses the model-based instance selection in an 

incremental setting and is conventionally used in unlabelled training data. This 

method can choose informative instances from a random set of training 

populations in an effective way. 

5. Kernel-based methods. Kernel-based methods, such as KBA (Kernel Boundary 

Alignment) uses the kernel matrix modification to according to the imbalanced 

data distribution and OFS-based algorithm to optimize the model generalization 

for learning two-class imbalanced data sets. 

From the short review above, the synthetic data generation approach is selected due to 

two major reasons. First, synthetic data generation methods do not show drawbacks 

shown by random sampling strategies. Second, this approach is easy to apply and easier 

to understand than other above-mentioned alternatives. With a few lines of code, synthetic 

data can be easily generated. One synthetic over-sampling and one synthetic under-

sampling technique were employed, i.e. SMOTE and NearMiss method, respectively. 

SMOTE, as previously mentioned, is an approach in which the minority class is over-

sampled by creating synthetic' examples rather than by over-sampling with replacement. 

Each under-represented class sample is taken and synthetic examples are introduced 

along the line segments joining any/all of the k minority class nearest neighbours. 

Neighbours from the k-nearest neighbours are randomly chosen, depending on the 

amount of over-sampling.  

NearMiss algorithm is a synthetic under-sampling method that puts into practice some 

heuristic rules to select samples. The Python library imbalanced-learn offers three 

versions of this under-sampling method. According the library’s documentation, 

“NearMiss-1 selects samples from the majority class for which the average distance of 
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the k-nearest samples of the minority class is the smallest”. On the other hand, the 

majority class samples in NearMiss-2 have the smallest average distance to the furthest 

samples of the negative class. NearMiss-3 involves a two-step algorithm—m-nearest 

neighbours of each minority sample are kept then the majority samples, with the largest 

average distance to the k-nearest neighbours, are selected. For this thesis, the default 

NearMiss version, NearMiss-1, was selected. 

Between the two synthetic sampling methods there is a substantial difference in resulted 

amount of balanced class data, as shown in Table 8. For the SMOTE method, the 

sampling strategy ‘not majority’ is chosen. This is the default sampling strategy of the 

imbalanced learn package, which resamples all classes but the majority class. The under-

represented data were oversampled to the amount of the over-represented data, i.e. 31182 

rows of data. On the other hand, the sampling strategy selected for the NearMiss is ‘not 

minority’, which, in the opposite, resamples all classes but the minority class. Analogous 

to the oversampling method, the over-represented data were under-sampled to the amount 

of the under-represented data, i.e. 2334 rows. The proportion of on-time and delayed 

shipments after each synthetic sampling method is 0.5 

Table 8 Number of rows of training data before and after synthetic replication 

 Majority class Minority class Total 

Pre-processed 46597 3427 50024 

SMOTE 31182 31182 62364 

NearMiss-1 2334 2334 4668 

Another parameter manually defined for the sampling methods was random_state. This 

is a pseudo-random number that controls the randomization of the algorithm. By 

specifying the random_state with an integer, the same output will be obtained every time 

the code is run. This is useful to create reproducible results during testing period.  

After both of the sampling methods are defined, they were fitted into the training (x_train, 

y_train) dataset, resulting in two different new training datasets: a training dataset 

SMOTE (sm_x_train, sm_y_train) and a training dataset NearMiss (nm_x_train, 

nm_y_train). Resampling techniques are not fitted into the test dataset, as these generate 

more data synthetically. These are evidently not real world data. 
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Once the classes are balanced, scaling is performed. This is due to the fact that most of 

the ML algorithms use Eucledian distance between two data points in their computation—

thus, the high variation in magnitudes and range would become a problem. If a feature 

has a higher magnitude than other features, that particular feature would weigh in a lot 

more in the distance calculations, resulting in its domination over the other features. 

Scaling, standardization and normalization often times are used interchangeably. There 

is still considerable ambiguity with regard to the definitions of these three terms. 

According to Pyle (1999), normalization is taking values that span one range and 

representing them in another range, thus requiring to remap values from an input range 

to an output range. Patro and Sahu (2015) claimed that normalization is a scaling 

technique where a new range is created from an existing range. In some literature, 

normalization is one step above scaling as it changes the observations to fit into a normal 

distribution. Some of important scaling, standardizing and normalizing techniques are as 

follows: 

• MinMaxScaler: a scaling technique that rescales the dataset into the range of 0 to 

1.  

• StandardScaler: a standardizing technique that removes the mean and scales the 

data into a unit variance. 

• Normalizer: a normalizing technique that rescales each sample observation (row) 

into a unit norm, regardless of the distribution of samples.   

Within the scope if the thesis, the predictor variables are scaled using the 

StandardScaler() function from scikit learn, as deep learning algorithms would benefit 

from zero mean and unit variance as well as regression-based algorithms would benefit 

usually from normally distributed data. This function standardizes features by removing 

the mean (mean = 0) and scaling to unit variance (Pedregosa et al. 2011). In essence, each 

value of the dataset will have the mean value subtracted and divided by the standard 

deviation of the whole dataset. This way it will transform the data in such way that the 

distribution will have a mean value of 0 and a standard deviation of 1. 

With the completion of the pre-processing step, the research will be continued by building 

various machine learning models to assess how much the features affect the predictability 

of the delay and how accurate the prediction of each model is. 
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 Building Machine Learning Models 

Once the data are cleaned and pre-processed, the next step would be building the actual 

prediction models. There is a myriad of packages and libraries available one can choose 

from to perform this, depending on the prediction goal and the data format. Thus, it is 

more sensible to know what each machine learning model does and select them rather 

than blindly running the data through all of the models, as training models could take a 

lot of time, especially on low-capacity CPUs. Selected machine learning models can be 

easily built using the Python’s libraries. The chosen models are as follows: 

• Logistic regression 

• Random Forest 

• MLP Classifier 

• CART 

• K-Nearest Neighbour 

• SVM 

First, the instance of each prediction model was created then the models are fitted into the 

two resampled training datasets. This step returned the prediction results of the target 

variable. These predicted target variable values were compared to the true target variable 

values to calculate the accuracy of the models, using the function accuracy_score() 

from scikit learn, as shown in Figure 23. It is revealed that the over-sampling method 

SMOTE yielded a much higher accuracy score across all selected prediction models. The 

accuracy difference is striking—predictions using SMOTE achieved more than 60% more 

accuracy than employing NearMiss in some models, e.g. random forest, CART, k-NN 

and MLP. In addition, the accuracy scores of all models, except logistic regression, with 

NearMiss method are lower than the even random guessing. Interestingly, the huge 

accuracy difference is not shown in logistic regression. The model only counted on 0.13 

accuracy improvement from the NearMiss technique. The logistic regression results in 

both graphs are worth mentioning, as in the over-sampled training data the model came 

out as the worst model, meanwhile in the under-sampled training dataset it was the best 

model, far in comparison with the rest of the algorithms.   
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Figure 23 Accuracy scores by resampling techniques 

 

A few highlights could be drawn from the accuracy results. The strong contrast in the 

accuracy scores between both resampling methods could be attributed to the fact that the 

models were trained only with 4668 data rows in NearMiss method, whereas 62364 data 

rows were fed into the models in the SMOTE method. This underlines just how important 

the amount of data is in training machine learning models and these results offered 

compelling evidence for the effectivity of over-sampling methods, in relative with under-

sampling methods. Logistic regression, on the other hand, can be used relatively smaller 

sample size and is also robust against outliers, which explains the weaker contrast 

between the two resampling techniques. However, these findings needed to be interpreted 

with caution as the extreme contrast between the two resampling results could be 

associated with issues in the input data at the time of running the NearMiss method, such 

caused by poor data sampling or data scaling.  

As previously mentioned, accuracy is not the only metric one should rely on. To obtain 

more details on the findings, a confusion matrix, or error matrix, was used in order to 

visualize the performance of a classification model. The two rows of the matrix represent 

the instances of the actual labels and the two columns represent instances of the predicted 

labels. As the name suggests, it identifies the confusion between classes, i.e. mislabelling 

of instances to another class, as it summarises the number of correct and incorrect 

predictions with count values and broken down by each class. Appendix D and E show 
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the confusion matrix of each prediction algorithm in SMOTE and in NearMiss, 

respectively.  

There are 6 confusion matrixes corresponding to 6 different machine learning models, for 

each resampling technique. The scale that goes from blue to yellow on the right side gives 

the boxes in the confusion matric colour depending on the number of instances. There are 

16508 instances in the test dataset in total, which serve for the models to predict. From 

those instances, 1093 shipments came with delay and the majority, 15415 shipments came 

in a timely fashion at door of the end customers. Therefore, there are more than 14 times 

as many on-time shipments as there are delayed shipments. From the whole dataset, 

training plus test datasets, the on-time shipments count for more than 13 times of the 

delayed ones. This indicates that the proportion of delayed and on-time shipments in the 

entire as well as in the test dataset is similar. This similar proportion is quite interesting, 

as the train_test_split() function from scikit learn split a certain dataset into random 

train and test datasets. 

First, let’s discuss the overall accuracy results from the over-sampled training dataset. 

The best performing algorithm from the experiment, K Nearest Neighbour, succeeded in 

predicting 15209 true positives, i.e. outcome where the classifying model correctly 

predicts the positive class (on-time), as well as 819 true negatives, i.e. outcome where the 

classifying model correctly predicts the negative class (delayed). The model predicted 

similar amount of incorrect predictions in both classes, with 206 false negatives, i.e. 

outcome where the classifying model incorrectly predicts the negative class, and 274 false 

positives, i.e. outcome where the classifying model incorrectly predicts the positive class. 

On the other hand, the model with the worst accuracy score, logistic regression, could 

predict the most instances labelled as delayed in comparison with KNN, or even with the 

rest of the models. With a whopping 1029 correct predictions of the negative class, the 

logistic regression model leads in the race of true negatives. However, the logistic 

regression-based model resulted also in the highest number of false negatives with 1099 

instances. Meanwhile, the model categorized only 64 instances incorrectly as on-time. 

This is one of the most conspicuous observations to emerge from the confusion matrix 

comparison. The logistic regression model from the experiment may have the tendency 

to label the dataset as delayed.  
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The above-mentioned overall accuracy scores are to be interpreted as the number of 

correct predictions of both classes divided by all instances of the test dataset. Thus, they 

do not express the models’ prediction bias. The overall accuracy is in the experiment quite 

high but it does not reflect the actual quality of the model. This is where the average 

accuracy come in handy. The average accuracy is the average of the overall accuracy 

score of each class (see Table 9). The average accuracy score is worse than the overall 

accuracy shown in the previous Figure 23 across all models. Surprisingly, the logistic 

regression model showed a higher accuracy score at predicting the class delayed than the 

class on time. Meanwhile, the rest of the models showed the opposite. The logistic 

regression model exhibited the lowest accuracy score of the class on time—a strong 

evidence that the model predicted incorrectly data as delayed than the other way around. 

It is demonstrated that the logistic regression model from the experiment had the tendency 

to label the dataset as delayed.  

Table 9 Average accuracy per class (SMOTE) 

Second, the classifying models fitted into the under-sampled training data using NearMiss 

showed a very different outcome. The experiment was unsuccessful in providing an 

overall acceptable accuracy score. Contrary to expectations, all classifiers had an 

immense tendency to label the data as the minority class—a finding that is strongly 

highlighted by the average accuracy per class in Table 10. In fact, all of them except 

logistic regression predicted more instances as delayed shipments than as on-time 

shipments, which is reflected in the extreme low accuracy scores. There is therefore a 

strong bias towards the minority class. This finding is contradictory to previous results 

reported extensively in the literature, where rebalancing dataset was evident in reducing 

bias and classification error (Iosifidis and Ntoutsi 2018; He et al. 2008).  

 
Accuracy class 

On time 

Accuracy class 

Delayed 

Average 

Accuracy 

Logistic regression 0.929 0.941 0.935 

Random Forest 0.962 0.898 0.93 

MLP Classifier 0.959 0.898 0.928 

CART 0.962 0.885 0.923 

KNN 0.987 0.749 0.868 

SVM 0.953 0.933 0.943 
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Table 10 Average accuracy per class (NearMiss) 

Further investigations were needed to validate these prediction results.   

 Cross-Validation 

As demonstrated from the previous accuracy results, fitting the models into the over-

sampled dataset yielded a very good accuracy. However, by fitting it to one training data 

sample, the prediction results only give information on how the models perform to that 

one training data sample after once tested with the test dataset. In business practice, it is 

vital to prove how these classifying models perform on new sets of data despite the limited 

data sample. In addition, cross validation reduces overfitting as the training sample is 

independent from the validation sample (Arlot and Celisse 2010). 

Cross-validation is a popular strategy to assess the predictive performance of the models 

and how they perform outside the sample new datasets. As mentioned by Arlot and 

Celisse (2010), the main idea behind cross-validation is to split data, once or several 

times, with the aim of estimating the risk of each algorithm. The training dataset is split 

into training sample, i.e. sample used for training each algorithm, and validation sample, 

i.e. sample used for estimating the risk of the algorithm. Finally, the algorithm with the 

smallest estimated risk is then selected. There are several cross-validation techniques used 

in machine learning. In summary, cross-validation uses a portion of the data sample to 

estimate the prediction power of the model by executing predictions on unseen data 

during the model training.  

The method selected for this experiment was the stratified k-fold cross-validation (see 

Figure 24). In general, k-fold cross-validation is a prevalent method because it is simple 

to execute and results in a less biased and less optimistic prediction results, comparing it 

 
Accuracy class On 

time 

Accuracy class 

Delayed 

Average 

Accuracy 

Logistic regression 0.794 0.881 0.838 

Random Forest 0.221 0.912 0.567 

MLP Classifier 0.271 0.942 0.607 

CART 0.291 0.903 0.597 

KNN 0.336 0.76 0.548 

SVM 0.433 0.911 0.672 
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with the simple train/test split, due to the independency between training and validation 

datasets. The parameter k describes the number of subsets that the data sample is to be 

split into. The procedure consists in taking one of the k subsets as a hold out, which serves 

as the test set or validation set, and putting the remaining k-1 subsets together as the 

training dataset. This process is repeated k times, so that each one of the k subsets is held 

out once as the validation set. Stratification ensures that each k subset contains a good 

representative of the whole dataset. In a binary classification study, each one of k subsets 

should therefore hold around half of the instances of each class. 

Figure 24 k-fold cross-validation 

 

With all the stated benefits of cross-validation, the technique could improve the under-

sampled accuracy results. The suspicious low accuracy scores and the models’ high bias 

towards the minority class could be further reviewed as cross-validation verifies the 

quality of the patterns made by the algorithms. 

Due to the computer capacity and running time, the selected value for k is 5. Thus, the 

validation technique is also called 5-fold cross-validation. The concept of training and 

validation is simple, but the practical execution is a little bit more complicated as the 

validation set should be the real data, whereas the training dataset should go through class 

rebalancing first, either through over-sampling or under-sampling. Hence, a separation of 

these two datasets is necessary before feeding the data into the cross-validation helper 
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function, in this case is the cross_val _score from scikit learn. For this purpose, a pipeline 

function is used to combine the resampling process with the classifying algorithms. This 

combined function is then applied into the cross-validation function. Therefore, the 

resampling process is not only performed once before the cross validation, but it is 

performed for each k iteration. Naturally, this process takes more computer capacity and 

running time. In addition, the training dataset of each resampling method is split using 

the StratifiedKFold function from scikit learn. The classifiers are fitted into a cross 

validation function that evaluates the accuracy score of each round by cross-validation. 

Once the score evaluation of a prediction model is finished, the function will evaluate the 

next prediction model in line.  

Using plotting libraries seaborn and matplotlib, the average and the standard deviation of 

the k-fold accuracy scores of each prediction model are calculated and plotted in Figure 

25, where the standard deviation is shown by the black line at the end of each bar.  

Figure 25 Cross-validation accuracy scores 

 

Both resampling methods yielded some interesting results. All algorithms used in 

SMOTE method showed an increase in accuracy, even though insignificantly so. The 

performance did not change much and once again, k-NN proved to be the best performing 

algorithm. This finding is in contradictions with the finding that testing the models 

repeatedly against unseen data leads to more pessimistic prediction results, in comparison 

with the common train/test split. In addition, the standard deviation of each classifier is 
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fairly small, in which k-NN has the highest standard deviation with 0.002. This shows 

that the variation of accuracy score across the 5 folds is small, as they are close to the 

mean. Thus, the models did not pick up a high variance, which reflects the low noise of 

the training data. 

The accuracy results in the NearMiss method displayed a more surprising outcome than 

the SMOTE version. A significant rise in accuracy is registered across some of the 

models, i.e. k-NN and MLP with 0.242 and 0.126, respectively. Meanwhile, the accuracy 

scores of the rest of the models only increased insignificantly. However, there is much 

higher standard deviation in the NearMiss results than the SMOTE-sampled data, i.e. 

accuracy scores resulted from the under-sampled dataset are more dispersed from the 

mean than the scores from the over-sampled data. For further examinations, the 

breakdown of accuracy score of each k-repetition is shown in Table 11. 

Table 11 Accuracy score of each fold (NearMiss) 

Within one model, there is a substantial difference in the accuracy scores across the folds. 

The high variation of accuracy scores suggests that the training data contains a high 

variance in each fold, which leads to a high variance in the whole dataset. This could be 

caused by a considerable amount of noise.  

On the basis of these cross-validation results, the best performing models are then selected 

for further adjustment. Due to limited running time and computer capacity, three of the 

SMOTE models are selected: k-NN, CART and Random Forest.  

 Adjust Hyper-parameters 

In the field of machine learning, hyper-parameters are higher-level properties of the 

algorithm model, which can impact substantially its complexity, its learning speed and 

also its application results (Chicco 2017). Hyper-parameters should be set before the 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Std 

LogReg 0.76654008 0.79482311 0.77728908 0.75989604 0.75629748 0.0139 

RF 0.26144313 0.26284229 0.28528589 0.29768093 0.28208717 0.0138 

MLP 0.51169298 0.34529282 0.42882847 0.3832467 0.36615354 0.0591 

CART 0.31211273 0.32680392 0.37594962 0.34386246 0.32017193 0.0226 

KNN 0.6063362 0.62572457 0.6307477 0.54658137 0.61835266 0.0306 

SVM 0.51009394 0.54067559 0.51669332 0.48910436 0.53978409 0.0193 
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training step, the algorithms cannot learn them from the training phase. Thus, the process 

of identifying the best value for hyper-parameters is called hyper-parameter optimization, 

which goal is to minimize the generalization error of the model (Bergstra and Bengio 

2012). On the other side of the coin, hyper-parameter tuning has its challenges, mainly 

because determining values for hyper-parameters is complex. Claesen and Moor (2015) 

stated that, each evaluation may take a good amount of time depending on the available 

computational resources, the nature of the learning algorithm and size of the problem. 

This statement is proved by the practical experiment in the course of this study, as this 

step is the one that took the longest computing time. Training times in the order of minutes 

is considered as fast, meanwhile the order of hours is quite common. For the optimization 

of the random forest model using grid search, it took 66.1 minutes to finish. This 

challenge is encountered frequently in grid search, the most widely used strategy for 

hyper-parameter tuning. This strategy suffers from the curse of dimensionality as the 

number of trials grows exponentially with the number of hyper-parameters. It requires 

that a set of values is pre-specified for each parameter, where the set of trials is formed 

by assembling every possible combination of these values, so the number of elements in 

a grid search is 𝑆 =  ∏ |𝐿(𝑘)|𝐾
𝑘=1 , where K is the configuration variable, L1…L(K) are the 

set of value for each variable. Taking the previously mentioned random forest model as 

an example, there are four parameters to be configured with at least 2 values for each 

parameter, resulting in total elements of S = 3 x 3 x 3 x 2 = 54 candidates. On top of that, 

a stratified 5-fold cross-validation was applied on each of these candidates, which brought 

to in total of 270 fits that had to be performed by the computer. In addition, the required 

time to train and test models depend on the choice of hyper-parameters, as they can 

influence the architecture of the model, e.g. number of hidden layers in a neural network 

model (Claesen and Moor 2015).  

Another drawback is the complex search spaces that entail from this tuning process. 

Previous research has demonstrated empirically that only a handful of hyper-parameters 

considerably impact the performance of machine learning models, though identifying the 

relevant ones is difficult (Claesen and Moor 2015; Bergstra and Bengio 2012). Some 

researchers argue that the random search strategy is superior for this exact reason. 

Random search is able to find estimators that as good or even better than the common 

grid search within a small fraction of the computation time by selecting the variables 

randomly (Bergstra and Bengio 2012). Baseline for this strategy is as follows: to examine 
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the effect of a particular hyper-parameter, random search is performed with the goal of 

optimizing other hyper-parameters. Then, choose a set of random values for these hyper-

parameters and use it for each value of the hyper-parameter of interest. 

Beside grid and random search, hyper-parameters can be tuned with manual search, where 

the human identify promising space where the good hyper-parameters are by 

incorporating knowledge about how those adjustments would influence the behaviour of 

the model and by developing the intuition necessary to choose the set of values for the 

variables (L1…L(K)). In other words, the researcher tunes the hyper-parameters through 

trial and errors, so it is difficult to reproduce the results. Due to its familiarity, the grid 

search method is employed for this study. 

Table 12 shows the adjusted parameters and their set of values for the selected models, 

e.g. k-NN, CART and random forest. These parameters and values are chosen intuitively, 

taking into consideration their possible effect in the learning of the algorithm.  

Table 12 Values and parameters for hyper-parameter tuning 

Model Parameters Values Best value Best accuracy 

score 

k-NN n_neighbors [3, 5, 11, 19] 11 0.974 

weights ['uniform', 

'distance'] 

'distance' 

CART min_samples_split [2, 3, 10] 10 0.961 

max_depth [1, 20, 2] 20 

min_samples_leaf [1, 3, 10] 1 

Random 

forest 

max_features [1, 3, 10] 10 0.963 

min_samples_split [2, 3, 10] 2 

min_samples_leaf [1, 3, 10] 3 

n_estimators [100, 300] 100 

Using GridSearchCV function from scikit learn, the grid search is performed with stratified 

5-fold cross-validation and over-sampled training data. The experiment started with 

random forest with 4 parameters, which is performed in the author’s local computer. As 

previously mentioned, it took 66.1 minutes to finish all the 270 possible fits. The issue 

began with the next model, k-NN, as the computing process did not end even after 3 hours 
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elapsed. A quicker way to tune had to be found for the remaining models. For this 

purpose, the number of parameters was reduced and the virtual machine from Google 

Cloud was chosen as the computational power. The hyper-parameter tuning of the k-NN 

model with 40 fits was carried out it only 19.3 minutes. Subsequently, the CART model 

only took a mere 22.2 seconds for 45 fits. The accuracy score of each best set of values 

for the parameters is shown in Table 12. 

Appendix F displays more details on the hyper-parameter tuning code and results. The 

adjustment only increased k-NN’s accuracy score by 0.002, which is minuscule 

considering how long it took to compute all the possible fits. The same fate happened to 

the other two models, i.e. CART with only 0.001 and random forest with 0.002 hike. In 

conclusion, the grid search did not yield very satisfying results. In future research the 

author would perform this step employing random search and compare the results with 

grid search.  

To review the learning process of the models over experience, learning curves are 

employed (see Figure 26). Learning curves display changes in learning performance over 

time in terms of experience., i.e. they show how better do the models get at predicting the 

target as the number of training instances increased. The concept is simple: the models 

are evaluated on the training and the validation dataset after each update during training 

and this performance is measured and plotted. Hence, learning curves show the relation 

between experience or number of instances (x-axis) and the evaluation metric used (y-

axis), which is the classification accuracy in this case. Dual learning curves are commonly 

created for each machine learning model:  

• Training learning curve. The model is evaluated on the training data, which can 

be interpreted as how well the model is “learning” (shown as red lines in Figure 

26), 

• Validation learning curve. The model is evaluated on the hold-out validation 

dataset, which can be interpreted as how well the model is “generalizing” (shown 

as green lines in Figure 26). 

It is a very useful tool to find out how much beneficial adding more training data would 

be and to diagnose variance and bias-related problems in machine learning algorithms, 

such as underfitting and overfitting. 
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Figure 26 Learning curves of models 

 

The learning_curve() function from scikit learn used in this study runs a 5-fold cross-

validation in the whole dataset, as depicted in the 5 points in all of the graphs. For each 

subset, the accuracy scores of the training and validation dataset are averaged over all 5 

runs and the standard deviation is calculated. The coloured areas along the learning curves 

are the difference between the mean of the cross-validated accuracy scores and the 

standard deviation.  

• k-NN learning curves. The training score is very high in the beginning and 

gradually decreases. The validation score is very low but increases towards the 

end. Adding more training instances could possibly be more beneficial for this 

model, as the validation learning curve could converge toward the training 

learning. The kind of shape of learning curves are to found often in complex 

datasets (Pedregosa et al. 2011). The large gap between the curves show that there 

is a high variance and the high accuracy training learning curve shows a low bias. 

In general, the model “learned” well, but there is a possibility that there might be 

overfitting. 
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• CART learning curves. The model generalizes better than the k-NN model by the 

end of the iteration, as both of the learning curves are closer to each other. The 

training learning curve decreases, experiencing the biggest decrease on the second 

round of cross-validation. The classifier found its highest point at around training 

iteration 22 000, which is the same case with the validation curve. Furthermore, 

the validation learning curve shows a stagnation in the first two rounds of cross-

validation. There could be problem with the dataset, such as noise that was 

captured by the model. More data or features could be useful for the model. 

• Random Forest learning curve. The model yields similar learning curves as the 

previous model as both of them are decision tree-based models.  

In conclusion, the k-NN model has the best accuracy score, followed by random forest 

and CART. Therefore, it is subjected to further investigation. After the results are 

optimized, the next step is to discover the important features for the predictions.  

 Feature Importance 

A great model performance is just a good start in the real world. Successful code and 

excellent prediction result do not necessarily mean that the data is clean. As mentioned 

in the cross-validation chapter, training data may contain biases that may be picked up by 

the models. That being said, the test dataset could be biased too, which would bias the 

model evaluation. It is important to understand how the machine learning models work 

and how the features in the models contribute to the prediction.   

Decision trees make splits that maximize the decrease in impurity. Therefore, in decision 

tree-based models, such as CART and random forest, the feature importance is calculated 

as the decrease in node impurity weighted by the probability of reaching that node. The 

higher the decrease value is, the more important the feature is. A benefit of using 

ensembles of decision tree methods they can automatically provide estimates of feature 

importance from a trained predictive model. For a single decision tree, the importance is 

calculated by the number that feature split point improves the performance measure (Gini 

index) and weighted by the number of observations the node is responsible for. The 

feature importances are then averaged across all the decision trees within the model.  

The impact of the features in the tree-based models (CART and random forest) can be 

measured using the method feature_importances_ from scikit learn (see Figure 27).  
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Figure 27 Feature importance - CART and random forest 

 

In both models, the features FHS-FDA and FDA-Delivery show a high relative 

importance in the prediction, i.e. most used attributes to make key decisions. However, 

the important features ranking differs after the first two features in the models. Appendix 

G and H display the 25 most important features for CART and random forest, 

respectively.  

The selection of LMCs impacts also in the delivery time prediction. There are big 

challenges in last mile deliveries, so this part of the supply chain usually takes the longest 

time. First, parcel receivers are widely spread across a certain city and each LMC has its 

own network of hubs to fulfil customers’ demands. It is possible that a parcel has to go 

through more than 2 LMC hubs until it reaches the parcel receiver. Therefore, the LMC’s 

performance and network is considerably correlated to the delivery time.  
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 Summary of Results 

This sub-chapter will provide the discussion regarding the results on the prediction of 

delivery times.  

It is demonstrated that ML models can be used to predict delivery time using the Delivery 

Platform’s internal data. All the selected ML models, e.g. logistic regression, SVM, k-

NN, MLP, random forest and CART, show great accuracy scores using the k-fold cross-

validation. Due to time and computational power constraints, three of the best models are 

selected for hyper-parameter adjustment using grid search. With a maximum accuracy 

increase of 0.002 in random forest and k-NN, grid search did not provide satisfactory 

results considering how long it took to compute. The feature importance of the decision 

tree-based models is examined and ranked, which results in the features FHS-FDA and 

FDA-Delivery as the most relatively important attributes. The results are not surprising, 

as the delivery time is directly correlated to shipping time variables. Table 6 also showed 

that there is a difference in average time between the two classes.  

Many factors can lead to long FHS-FDA and FDA-Delivery, e.g. wrong customer 

address, defective barcodes, incomplete customer information, etc. In practice, parcels 

that contain these issues have to stay in the consolidation hub until the issues are resolved, 

extending that way the transit time in the supply chain instance. 
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6. From Analytics Modelling to Analytics Operations 

The previous chapters have dealt extensively with a quantitative experiment to expose the 

application of analytics models to predict delivery times on shipments. However, no 

insights derived from any statistical modelling would be beneficial if the organization is 

not able to extract business values and competitive advantage out of it. A set of courses 

of actions and a supply chain-wide IT system has to be placed in order to implement the 

outputs of the models to make decisions and to take actions that bring business values. 

An analytics governance should be appropriately structured to enable a business 

organization to reach these goals. 

This chapter aims to provide an analytics infrastructure and a set of suggestions for 

specific actions on how to conceptualize the results of the analytics modelling from the 

previous chapter in such a way that they add value to the actual business. Hence, the 

chapter focuses on incorporating the analytics modelling into the daily operational 

activities. The first sub-chapter delves into the theoretical perspective of the structure of 

analytics organization and its influence in the life cycle of analytics models. The proposed 

analytics infrastructure and the suggested course of actions will be discussed in the second 

and third sub-chapters, respectively. Lastly, the implications of the findings will be 

discussed in the fourth sub-chapter.  

 Analytics Organizational Structure 

Generally speaking, the analytics function in an organization is composed of three 

aspects: analytics models, analytics infrastructure and analytics operations 

(Grossman and Siegel 2014). The first aspect, analytics models, is the combination of 

statistical, predictive, or data mining models that are empirically derived from data, e.g. 

building ML models. This task was discussed in the previous sections of the thesis. 

Secondly, analytics infrastructure encompasses the software components, software 

services, applications and platforms for data management, data processing, model 

building and using these models to generate alerts, make decisions and take adequate 

actions. The main concern of analytics infrastructure is the smooth data management and 

the deployment of models and other analytics tools that are integrated in the 

organization’s products, services and operations. Lastly, analytics operations refers to the 

processes that come after gaining insights from the analytics modelling, which involve 

making decisions and taking decisions relevant to the goals of the enterprise, e.g. 
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increasing revenues, decreasing costs or improving operational workflow. The main 

concern of analytics operations is the fruitful application of the results of analytics models 

into the organization’s products, services and operations.  

The symbiosis of these three aspects are managed through an analytics governance 

structure. The structure does not only provide a hierarchy of individuals that have 

authority for certain analytics-related decisions, but also provides mechanisms for 

identifying, communicating and resolving issues encountered in analytics-related projects 

as well as mechanisms to ensure the availability of analytics resources within the 

organization. The interconnection between analytics modelling and analytics operations 

can be better visualized from the life cycle of analytics models, displayed in Figure 28. 

Usually models do not generate value for an organization until they are deployed. It is the 

analytics infrastructure task to ensure that the analytics models reach to the operations. 

Figure 28 Life cycle of analytics models. Adapted from (Grossman 2018) 
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 Analytics Infrastructure for Supply Chain 

A recommended analytics infrastructure for SCM was proposed by Biswas and Sen 

(2016) (see Figure 29). The framework is adapted to the supply chain of the object of the 

case study, the “Delivery Platform”.  

Figure 29  Big data driven supply chain structure 

 

The proposed framework consists of 6 components: 

• Data acquisition devices. This system is responsible for collecting raw data at 

each stage of supply chain and serves as data source. It includes sensors, actuators, 

RFID, barcode scans, tag enabled objects, camera connected objects, among 

others.  While it tracks the status of objects in each supply chain instance, the 

handling of the large volume of data generated from this process presents 

challenges.  

• Cloud infrastructure. The data acquired from the devices are passed over to the 

cloud, a collection of computing and storage facilities over the internet that offers 

dynamic storage and processing requirement.  

• Data bus. The data from the cloud is processed in the system data bus depending 

on the data requirements, i.e. data that requires real time processing and analysis 

are routed in such a way that there is minimum delay. 

• Data warehouse. The data routed through the data bus is passed to this 

component, where it will be stored, pre-processed and cleaned. It includes a big 
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database management system, is responsible for converting the raw data into a 

form that can be efficiently processed by the analytics engine. 

• Data analytics engine. This is where the goal of analytics architecture lies on. It 

includes processing algorithms to extract meaningful insights from the raw data.  

• Data visualization. The goal of this system is to present a visual depiction of 

analysis results as a support to the data analysis, so that it eases the business 

decision-making process. 

To ensure the effectivity of the framework, a high level of availability, robustness and 

interoperability of the sub-systems is essential. However, there is a trade-off between 

these factors. A high level of availability means a high level of replication of the system 

components, which leads to high costs. Furthermore, robustness and interoperability 

increase the usage of the hardware. These trade-offs have to be balanced.  

 Deriving Actions for Supply Chain Analytics Operations 

In the previous sub-chapter, the general architecture was explored to design the analytics 

infrastructure for a data-driven supply chain. This sub-chapter will handle the concrete 

courses of actions to ensure the promised delivery times in this case study. This set of 

actions is derived from the literature and is focused on the actual problems encountered 

by the “Delivery Platform”. 

The main reason of delayed shipments is that the time taken for them to arrive at the door 

of the end costumers from the seller is longer than what the “Delivery Platform” and the 

“Seller” agreed upon. This type of standards of shipping processes is detailed in what is 

called service-level agreement or SLA, and as a contract, the service provider is obliged 

to meet. In practice, the delivery operations managers lack insights whether shipments 

are delayed until the sellers submit a complaint. A constant monitoring tool and a support 

system for process owners are imperative to quickly obtain information of any potential 

delays, such as an alerting system. Herden and Bunzel (2018) explored the archetypes of 

SCA initiatives and recognized that alerting SCM process owner automatically on 

indicators of predefined critical conditions or events as one. Alerting SCM process 

owners, as an archetype, covers all the initiatives characteristics in a way that “it improves 

various objectives, by providing means of automatic evaluation, triggering decision 

support on alert, with mixed teams of experts, who create purpose-built tools, for high 

velocity data analysis, using predictive and descriptive techniques.“ In this case study, 
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the alerting system would allow process owners passively getting alerted on actions 

required depending on the critical situations, e.g. parcels have not left the consolidation 

hub for more than two days, which demands informing the responsible hub team and 

possibly escalating the problem to the manager. Therefore, defining the rules to critical 

situations is crucial to design an alerting system. The rules may represent numerical 

thresholds or conditions for a situation to be deemed as critical. Possible rules are as 

follows: 

• Specify the maximum duration in which parcels are shipped from one instance to 

another within the supply chain. As shown in the data analysis, the duration 

variables (FHS-FDA and FDA-Delivery) have a big correlation to the shipment 

delays. Alerts trigger can be set to a certain threshold. Table 6 can be used as 

initial values for the threshold, e.g. by specifying the maximum FHS-FDA 

duration to two days, SCM process owner would be alerted when the parcels take 

more than that duration to be delivered.  

• Specify the maximum duration in which parcels can stay from in each instance of 

the supply chain. The thresholds can be calculated from the duration variable 

between two instances minus the average travel time (the amount of time the 

parcels actually spend “on the road”).  

• Adjust durations according to geographical conditions. The farthest the delivery 

country is located from the consolidation hub or seller, the longer it takes for the 

parcels to arrive. Furthermore, mountainous areas or islands usually have longer 

shipping duration.  

Based on the proposed rules, the alerting system tools should monitor shipping processes 

constantly and recommend specific actions for improvements in case the alert is triggered.  

The alerting system should be supplemented with the suitable analytics structure 

governance by establishing a clear communication escalation process. An action plan 

should be developed in such a way that issues can be handled in an appropriate and 

efficient manner. It includes procedures for communicating and escalation issues through 

the hierarchy of staff. Potential delay alerts can be implemented in the following manner: 

the delivery operations manager and the employee responsible in the affected supply 

chain instance are alerted in case the rules are not fulfilled or parameters go below a 

certain threshold in the form of an app or email. The feature allows a direct 
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communication between the two parties in order to clarify the issue. Escalation to the staff 

next in the hierarchy happens if there is communication problem, e.g. lack of response 

from employee of the supply chain instance.  

Another action that can be taken to ensure delivery time is increasing the number or 

types of data acquisition devices throughout the supply chain. This is intended to 

diagnose potential delays earlier. One good use case specifically for this “Delivery 

Platform” supply chain is the usage of RFID tags that capture the incoming pallets or 

parcels automatically in the consolidation hub. From experience, there are times where 

the consolidation hub employees unsuccessfully or even forgot to scan the barcodes of 

the incoming goods—thus, the FHS time data were not gathered correctly. Most of the 

time this data had to be retrospectively entered into the data storage system. Acquiring an 

RFID on each parcel can reduce human error in this work process and optimize the 

workflow. However, there is a trade-off between data availability and costs and it should 

be taken into consideration in the data analytics infrastructure.  

 Implications 

This chapter discussed a combination of specific courses of action and analytics/IT 

infrastructure to support the compliance of delivery time, as stated in the SLA. The 

general goal of this chapter is how to gain valuable insights for business decision-making 

from the application of analytics in predicting delivery time. 

To get a better idea of how the analytics/IT infrastructure should be designed, the baseline 

for an analytics organization structure found in literature is analysed. Beside software 

infrastructure, a clear analytics governance is vital for analytics modelling to meet its goal 

from the business perspective. The analytics infrastructure for the specific “Delivery 

Platform” supply chain is developed. The proposed analytics infrastructure differs in 

some points from the current data architecture in the “Delivery Platform” (see Figure 11). 

The current data architecture mainly has one-way communication—from the data sources 

to the internal BI platform and tracking system. There is a lack of supply chain 

collaboration, i.e. enabling the sharing of information and knowledge within the supply 

chain players and its exploitation for key activities. Collaborative SCA secures the 

information sharing between an organization with external business partners to carry out 

supply chain operations and helps the organization achieve a more integrated supply chain 

(Wang et al. 2016). Pushing for a higher integration of the supply chain instances into the 
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communication system, such as consolidation hub and LMC hub, would be a great 

example of this.  

Finally, recommended actions are proposed - deriving from the results of the previous 

data analysis chapter, common supply chain issues encountered in Delivery Platform and 

studies from the literature in the previous sub-chapters. Potential delays can be better 

handled by alerting SCM process owners and can be better diagnosed by increasing data 

acquisition devices. However, data integration is not an easy and cheap task and the tools 

to execute these measures possibly lead to a considerable investment cost.  
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7. Overall Summary and Outlook 

The aim of this chapter is to draw conclusions of this study toward the defined main 

problem. This is based on the whole process of solving the three research questions step 

by step, as shown in the first sub-chapter. The last two sub-chapters will deal with the 

recommendations and limitations of the thesis.  

 Conclusion 

RQ1: What predictive analytics techniques, based on historical data as input, can be used 

to predict delivery time? 

An initial SLR was conducted in chapter 4 to get an overview of the status quo studies in 

predictive analytics techniques, in which a total of 26 articles are selected for further 

review. It showed that most of the publications employed ML models to predict arrival 

or travel time in public transports, with ANN, SVM and k-NN as the most used 

algorithms. Motivated by the findings, this study continued with an extensive data 

analysis of various ML models to predict the delivery time using the historical data from 

“Delivery Platform”. The data contains more than 60 000 rows of shipments labelled as 

either delayed or not delayed. The aim of the analysis is to build an ML model that can 

predict accurately the label of the shipments. From six ML models, three models that 

achieved the highest cross-validation accuracy scores were selected for further review, 

e.g. k-NN, Random Forest, CART. Despite of the suboptimal learning curves, the author 

believes that ML models, especially the three mentioned previously, are good predictive 

analytics techniques to predict delivery time in commercial setting. The data correctness 

and the appropriate scaling method have to be ensured to result in good predicting models. 

Missing values and outliers would affect negatively in the models. 

RQ2: What are the factors that have an impact on delivery delays? 

Various factors that impact travel or arrival time were revealed from the SLR. Some of 

the literature use historical data (travel or arrival time of prior journeys on the same span 

of time) and real time data (road traffic condition, weather, time of day, etc.). In the 

domain of public transportation, there are generally four types of factors that contribute 

travel time: infrastructure, external, driver behaviour and operation management factors.  

However, in this case study, there is a lack of real time data. The data used for the analysis 

are historical data obtained from the internal BI platform. From the results of the decision 
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tree-based models, the shipping time variables FHS-FDA and FDA-Delivery 

unsurprisingly represent the most influence in the prediction results (see Figure 27). In 

this study, FHS – FDA is a feature added to describe the elapsed time between the 

incoming parcel in the consolidation hub and the first delivery attempt by the LMC at the 

end customer address. Meanwhile, FDA-Delivery describes the elapsed time between the 

first delivery attempt and the actual time when the parcel is received by the end customer. 

The longer the shipping time variables are, the more likely is a parcel to be delayed. Cases 

of unclear addresses, defective barcodes, lack of shipment, or even human error can be 

the reasons for the long FHS-FDA. 

Additionally, the local LMC selection, the day of first hub scan (FHS day) and the day of 

delivery (Delivery day) have influence in the delivery time, even though these features 

are far unimportant than the two previously mentioned shipping time variables. In 

practice, the data integration between the LMCs and “Delivery Platform” is not sufficient 

–each LMC has its own parcel tracking portal and usually issues have to be resolved 

through emails and telephone calls.  

The author believes that these features are factors that impact greatly in the overall 

delivery time in e-commerce setting. 

RQ3: What courses of actions and restructuring of the analytics or IT system should be 

undertook in the organization to ensure on time delivery time? 

To bring business values, the analytics modelling performed in chapter 5 should be 

translated into key operational actions and their supporting infrastructure, which was 

discussed in chapter 6. Based on the theoretical framework of analytics organizational 

structure, a proper data analytics infrastructure that puts importance on collaborative SCA 

is necessary to ensure the smooth communication between the supply chain organization 

and its external business partners. The proposed analytics infrastructure, shown in Figure 

29, represents a high level of data integration between the supply chain players.  

The suggested actions are derived from the analytics infrastructure, the common issues 

in “Delivery Platform” and the results from the data analysis. One action is alerting SCM 

process owner automatically on indicators of predefined critical conditions or events. For 

this purpose, a set of exemplary rules for critical conditions were proposed. To execute 

this alerting system, the analytics governance of the organization needs to be reviewed 
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and a clear communication escalation process needs to be established. Furthermore, 

increasing the number or types of data acquisition devices throughout the supply chain, 

e.g. RFID tags in the incoming pallets/parcels at the consolidation hub. 

 Management Recommendations 

In conclusion, the recommendations are divided based on the level of decision-making 

process: strategic and operational. 

Strategic: 

• Establish a clear analytics governance. 

• Invest in data integration towards a collaborative SCA 

• Develop an alerting system for delivery time 

• Train delivery operations managers and external business partners 

Operations: 

• Perform periodical evaluation on the alerting system throughout all partners 

• Specify rules for critical conditions 

• Document the escalation process 

• Enter the data, on which the rules for the alerting system is based, correctly  

 Limitations and Future Research  

This study, as any other researches, is a subject to limitations due to time or data 

constraints. In this sub-chapter, the author will provide suggestions for future research 

that could be valuable for delivery platforms in order to continue optimizing their supply 

chain. 

The findings of this thesis are focused on the application of predictive analytics in B2C 

e-commerce for predicting delivery times for goods on European-wide cross-border 

shipments. Based on the focus, there are few points that have to be acknowledged. First, 

the results are restricted for physical goods with small volume and low weight. Hence, it 

is uncertain whether the factors of delivery time, the proposed framework for analytics 

infrastructure and the courses of actions would be suitable for service supply chains.  

Second, the findings are restricted to European B2C shipments. This is influenced by the 

supply chain of the organization and the LMC performance in Europe. Therefore, the 

factors that impact delivery time prediction might be different in other parts of the world, 
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depending on their geographical conditions. A place with high uncertain traffic condition, 

for instance, would use other features or maybe techniques to predict delivery times. Not 

just traffic conditions, different locations might have a completely different baseline of 

supply chain architecture. Predicting delivery times in another continent would be a 

possible future research. 

Third, the consolidation hub is in the same area as the seller’s warehouse. The 

transportation between these two points is scheduled on a regular basis and has a fixed 

route. Thus, the elapsed time between pick up at the seller’s warehouse and injection in 

the consolidation hub does not show a big impact in the end delivery time.  

Fourth, the features considered for the research are historical data from the internal BI 

platform. Therefore, no real-time or environmental data was taken into consideration in 

this study due to the large geographical location and time constraint. Future research 

could be performed by putting more features in the analytics models, such as weather and 

traffic conditions. 
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9. Appendix 

Appendix A Dataset 

 

Tracking 

Code 

Customer 

Address 

Zip Code 

Customer 

Address 

City 

Customer 

Address 

Country 

Code 

Shop 

Name 

Carrier 

Company 

& 

Country 

Shipment 

Planned Pickup 

(PPU) Time  

First Hub 

Scan (FHS) 

Time 

First 

Delivery 

Attempt 

(FDA) Time 

Shipment 

Delivery 

Time 

Shipment  

# Delayed (*) 

0001 47xx AT_City1 AT Seller LMC1-AT 03/09/2018 16:00 04/09/2018 

12:11 

05/09/2018 

10:29 

05/09/2018 

10:29 

0 

0002 74xxx DE_City1 DE Seller LMC2-DE 12/09/2018 19:00 12/09/2018 

15:58 

13/09/2018 

13:29 

13/09/2018 

13:29 

0 

0003 40xxx FR_City1 FR Seller LMC1-FR 10/09/2018 18:00 11/09/2018 

18:26 

13/09/2018 

12:49 

13/09/2018 

12:49 

0 

0004 94xxx FR_City2 FR Seller LMC3-FR 10/09/2018 18:00 11/09/2018 

02:00 

13/09/2018 

02:00 

13/09/2018 

02:00 

0 

0005 70xxx DE_City2 DE Seller LMC3-DE 12/09/2018 19:00 12/09/2018 

16:07 

13/09/2018 

12:03 

13/09/2018 

12:03 

0 

0006 93xxx FR_City3 FR Seller LMC1-FR 03/09/2018 18:00 05/09/2018 

16:46 

07/09/2018 

11:18 

09/09/2018 

19:29 

0 

(*) Boolean value (0 = on-time, 1 = delayed) 
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Appendix B Reviewed Literature 

 Title Author Content 

1 Predictive analytics for truck 

arrival time estimation: a field 

study at a European distribution 

centre 

van der Spoel et 

al. (2017) 

Causing factor of arrival 

time estimation 

2 Performance Comparison of 

Data Driven and Data 

Demanding Techniques for Bus 

Travel Time Prediction 

Kumar et al. 

(2017a) 

Inputs and methods for 

accurate travel time 

prediction  

3 Comparison of Model Based 

and Machine Learning 

Approaches for Bus Arrival 

Time Prediction 

Kumar et al. 

(2014) 

Bus stops as variable for 

time travel estimation 

4 Estimating order delivery times 

and fleet capacity in freight rail 

networks: part II - analytic 

approximation  

Godwin et al. 

(2015) 

Delivery time quotation 

using analytic 

approximation to in rail 

freight 

5 Design and implementation of a 

system to estimate arrival times 

of public transport vehicles with 

active RFID technology 

Jorge et al. (2016) Application of RFID, 

system architecture and 

implementation 

6 Bus arrival time prediction 

based on Random Forest 

Li et al. (2017) Application of random 

forest and Space 

rectangular Coordinate 

System 

7 Reliability prediction model of 

further bus service based on 

random forest 

Sun et al. (2017) Comparison of reliability 

evaluation with random 

forest and other 

techniques 
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 Title Author Content 

8 An Arrival Time Prediction 

Method for Bus System 

Chen (2018) Application of RNN to 

randomly train NN 

models 

9 Bus arrival time prediction at 

any distance of bus route using 

deep neural network model 

Treethidtaphat et 

al. (2017) 

Application of DNN 

using GPS data from a 

bus line 

10 Railway passenger train delay 

prediction via neural network 

model  

Yaghini et al. 

(2013) 

NN model with high 

accuracy to predict delay 

of passenger trains 

11 Bus Arrival Time Prediction 

Using RBF Neural Networks 

Adjusted by Online Data 

Wang et al. (2014) Prediction using 

historical data (mined by 

RBFNN model) and real-

time situation  

12 Historical Data based Real 

Time Prediction of Vehicle 

Arrival Time 

Maiti et al. (2014) Application of ANN and 

SVM regression models 

using real bus data  

13 Bus Arrival Time Prediction 

Based on Mixed Model 

Li et al. (2017) Three-staged mixed 

model: Pattern training 

(mined by k-NN and K-

means), single step 

prediction and multi-step 

prediction 

14 Mixed model for prediction of 

bus arrival times 

Dong et al. (2013) Prediction using real-time 

traffic condition for short 

distance BAT and KNN 

for long distance BAT 

15 Using satellite monitoring and 

statistical data to predict arrival 

time of city public transport 

Agafonov et al. 

(2015) 

Prediction using linear 

regression and using real-

time GPS data, history 

data and timetable data 

http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=MarkedList&qid=36&SID=C6RqYpwvxxalvyA8nbl&page=1&doc=9&colName=WOS
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=MarkedList&qid=36&SID=C6RqYpwvxxalvyA8nbl&page=1&doc=9&colName=WOS
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=MarkedList&qid=36&SID=C6RqYpwvxxalvyA8nbl&page=1&doc=9&colName=WOS
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=MarkedList&qid=11&SID=D2vftakd5JOlRzEM5oQ&page=1&doc=42&colName=WOS
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=MarkedList&qid=11&SID=D2vftakd5JOlRzEM5oQ&page=1&doc=42&colName=WOS
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=MarkedList&qid=11&SID=D2vftakd5JOlRzEM5oQ&page=1&doc=42&colName=WOS
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 Title Author Content 

16 Regression-based approach for 

bus trajectory estimation 

Chen et al. (2013) Comparison of 

regression-based with 

historical-based model 

17 A hybrid scheme for real‐time 

prediction of bus trajectories 

Fadaei et al. 

(2016) 

Using inputs from 

schedule, instantaneous 

and historical data and 

linear regression heuristic 

to minimize prediction 

error 

18 Bus arrival time prediction 

based on network model 

Čelan and Lep 

(2017) 

Real-time prediction of 

arrival times at bus stops 

using 4 types of data 

models 

19 Bus Arrival Time Prediction 

Based on the k-Nearest 

Neighbour Method 

Liu et al. (2012) Modified k-NN method 

using historical bus GPS 

data 

20 A hybrid model based method 

for bus travel time estimation 

Kumar et al. 

(2018) 

KNN-mined inputs and 

model using model 

combining exponential 

smoothing technique 

based on KF technique 

21 Pattern-Based Time-

Discretized Method for Bus 

Travel Time Prediction 

Kumar et al. 

(2017b) 

Travel time pattern 

analysis to find patterns 

in inputs and prediction 

using model-based 

Kalman filtering 

algorithm 

22 Bus Arrival Time Prediction 

using Support Vector Machine 

with Genetic Algorithm 

Yang et al. (2016) Input vectors are adopted 

in SVM and GA search 

algorithm is combined to 

find the best parameters 
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 Title Author Content 

23 Bus arrival time prediction 

based on PCA-GA-SVM 

Peng et al. (2018) Comparative analysis 

between different types 

of SVM models 

24 SVM based multi-index 

evaluation for bus arrival time 

prediction 

He et al. (2013) Model with indexes 

including GPS coverage, 

release rate, accuracy rate 

trained with SVM 

25 Urban Bus Arrival Time 

Prediction: A Review of 

Computational Models 

Altinkaya and 

Zontul (2013) 

A review of prediction 

models 

26 Real Time Prediction of Bus 

Arrival Time 

A Review 

Choudhary et al. 

(2016) 

A review of different 

prediction models 
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Appendix C Count of Predictive Techniques in the Literature 

A
N

N

k-
N

N

SV
M

R
F

Li
n.

 R
eg

LR D
T

A
da

bo
os

t

H
yb

rid

K
FT

O
th

er
 n

on
-

M
L

 m
od

el
s

S1 • • • • •

S2 • •

S3 • •

S4 •

S5 •

S6 •

S7 • • •

S8 • •

S9 •

S10 • • •

S11 • •

S12 • •

S13 • •

S14 • •

S15 •

S16 •

S17 •

S18 •

S19 • •

S20 •

S21 •

S22 • •

S23 • •

S24 •

S25 • • • •

S26 • • • • •

∑ 13 6 8 3 4 2 2 1 2 7 3  
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Appendix D Confusion Matrixes of Predictive Models (SMOTE) 

 



102 

 

Appendix E Confusion Matrixes of Predictive Models (NearMiss) 
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Appendix F Hyper-parameter Tuning Results 

 

Random Forest 

Elapsed time Fitting 5 folds for each of 54 candidates, totalling 270 
fits 
[Parallel(n_jobs=-1)]: Using backend LokyBackend with 4 
concurrent workers. 
[Parallel(n_jobs=-1)]: Done  42 tasks  | elapsed:  2.2min 
[Parallel(n_jobs=-1)]: Done 192 tasks  | elapsed: 10.3min 
[Parallel(n_jobs=-1)]: Done 270 out of 270 | elapsed: 
18.5min finished 

Best parameters {'rf__max_features': 10, 'rf__min_samples_leaf': 3, 
'rf__min_samples_split': 2, 'rf__n_estimators': 300} 

Best estimator RandomForestClassifier(bootstrap=True, class_weight=None, 
criterion='gini, max_depth=None, max_features=10, 
max_leaf_nodes=None, min_impurity_decrease=0.0, 
min_impurity_split=None, min_samples_leaf=3, 
min_samples_split=2, min_weight_fraction_leaf=0.0, 
n_estimators=300, n_jobs=None, oob_score=False, 
random_state=1, verbose=0, 
warm_start=False) 

Best score 0.9633176075483768 

k-NN 

Elapsed time Fitting 5 folds for each of 8 candidates, totalling 40 fits 
[Parallel(n_jobs=-1)]: Using backend LokyBackend with 4 
concurrent workers. 
[Parallel(n_jobs=-1)]: Done  40 out of  40 | elapsed: 
18.2min finished 

Best parameters {'knn__n_neighbors': 11, 'knn__weights': 'distance'} 

Best estimator KNeighborsClassifier(algorithm='auto', leaf_size=30, 
metric='minkowski', metric_params=None, 
n_jobs=None, n_neighbors=11, p=2, 
weights='distance') 

Best score 0.9744922437230129 

CART 

Elapsed time Fitting 5 folds for each of 27 candidates, totalling 135 
fits 
[Parallel(n_jobs=-1)]: Using backend LokyBackend with 4 
concurrent workers. 
[Parallel(n_jobs=-1)]: Done  42 tasks  | elapsed:   15.8s 
[Parallel(n_jobs=-1)]: Done 135 out of 135 | elapsed:   
55.6s finished 

Best parameters {'cart__max_depth': 20, 'cart__min_samples_leaf': 1, 
'cart__min_samples_split': 10} 

Best estimator DecisionTreeClassifier(class_weight=None, 
criterion='gini', max_depth=20, max_features=None, 
max_leaf_nodes=None, min_impurity_decrease=0.0, 
min_impurity_split=None, min_samples_leaf=1, 
min_samples_split=10, 
min_weight_fraction_leaf=0.0, presort=False, 
random_state=1, splitter='best') 

Best score 0.9613585478970095 
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Appendix G Feature Importance – CART  
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Appendix H Feature Importance – Random Forest 
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