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Abstract

This thesis investigates the drivers of the cost per package of a major Dutch parcel corporation and develops
a forecasting model to predict these costs accurately. Despite its efficiency in delivering millions of pack-
ages daily, a comprehensive understanding of the cost per package is lacking due to inconsistent definitions,
unknown key drivers, and incomplete data.

The primary objectives are to identify key cost drivers and develop a reliable forecasting model. Through the
use of various statistical techniques and feature importance, volume and forecast realization ratio were iden-
tified as the most significant cost drivers. A comparative study of multiple forecasting models determined
that the Least Squares model provides the best balance of accuracy and ease of implementation.

The analysis highlighted the impact of accurate volume forecasts and the need for more detailed data col-
lection and documentation. The research findings offer actionable insights for the company to optimize its
operations and reduce costs. Additionally, this thesis contributes to the broader field of time series analysis
and forecasting in logistics, serving as a case study for future research.

Recommendations include improving volume forecasting accuracy, optimizing data collection processes,
and establishing model monitoring. While the study’s limitations include the dataset’s size and granular-
ity, future research could focus on creating more detailed datasets and exploring the impact of specific events
on cost fluctuations and forecasting accuracy.
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1
Introduction

From the canals of Delft to the heart of Amsterdam, a package delivery has become a familiar joy in our daily
lives. Yet, beneath this simple act lies a complex combination of logistics, technology, and operational exper-
tise. The Company efficiently manages this process, delivering a million packages each day and ensuring each
parcel reaches its destination within 24 hours. While receiving a package is a common experience, the costs
and processes associated with its journey often go unnoticed. Each delivery introduces various expenses,
covering aspects such as fuel, vehicle maintenance, and employee wages. Understanding these costs and the
factors that influence them is important for The Company’s strategic decision-making and optimisation of
their delivery process.

1.1. Problem Statement
Currently, a comprehensive understanding of the cost per package lacks due to several factors:

• Inconsistent Definitions: Costs are defined per stage in the supply chain, but varying definitions of
volume lead to inconsistencies, making it difficult to accurately calculate the total cost per package.

• Unknown Key Drivers: While various factors are known to influence costs, there is no clear under-
standing of which factors have the most significant impact.

• Incomplete Data: The costs associated with delivery to Belgium are not included in the total cost cal-
culation, resulting in skewed results and an incomplete understanding of the overall cost per package.

These issues highlight the need for a consistent and comprehensive approach to defining and analysing the
cost per package. By addressing these inconsistencies and incorporating complete data, The Company can
gain valuable insights into its cost structure and identify opportunities for optimisation.

1.2. Objectives
The primary objectives of this thesis are twofold: first, to identify the key drivers of cost per package; and
second, to develop a reliable forecasting model using these key drivers to predict the cost per package. To
achieve these objectives, the following research questions are formulated:

1. What are the key factors influencing the cost per package at The Company? This question will be
answered through data analysis, employing various statistical techniques and feature importance as-
sessments to identify the most influential drivers.

2. What is the most effective forecasting model for The Company’s cost per package six to eight weeks
ahead? This question will be addressed by comparing multiple forecasting models, considering their
accuracy, complexity, and ease of implementation within The Company’s existing workflows.

Ultimately, this thesis aims to develop a consistent approach to defining the cost per package, including the
integration of volume and costs for Belgium, and to provide The Company with a comprehensive under-
standing of its cost per package and the tools to accurately forecast and manage these costs.

1
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1.3. Contributions
By identifying key cost drivers and developing a forecasting model, this research seeks to provide The Com-
pany with actionable insights to reduce the cost per package. This deeper understanding of the relationship
between various factors and costs will enable The Company to optimize operations, enhance cost manage-
ment, and maintain a competitive advantage. Additionally, the research will result in a tool that can be in-
tegrated into The Company’s existing workflows to inform strategic decisions and support cost reduction
efforts.

Beyond its immediate relevance to The Company, this thesis contributes to the broader field of research. It
serves as a case study on time series data analysis and forecasting in the logistics domain. The compara-
tive study of different models and forecasting techniques, coupled with statistical methods to evaluate the
key drivers, offers valuable insights that can inspire future research and practical applications in similar con-
texts.

1.4. Structure of the Thesis
The rest of this thesis is structured as follows. Chapter 2 provides an overview of the process of package de-
livery. Chapter 3 describes the potential key drivers and the data collection for the study. Chapter 4 presents
the exploratory data analysis and initial efforts to identify the key drivers. Chapter 5 describes the methods
used for cost forecasting. Chapter 6 provides a detailed analysis of the forecasting results, comparing the
performance of different models and discussing feature importance. Chapter 7 interprets the forecasting re-
sults, addresses limitations, and integrates insights from the data analysis and feature importance to identify
the key factors influencing the cost per package. Finally, Chapter 8 summarizes the key findings and offers
recommendations for The Company.



2
The Delivery Process

This chapter provides an overview of The Company’s delivery process, offering context for understanding the
company’s logistics and cost structure. By detailing each step of the parcel delivery process and the associated
costs, this chapter sets the foundation for analysing the key drivers of cost per package and the forecasting
efforts. Understanding these operationpal processes is useful for identifying areas of potential improvement
and developing accurate predictive models.

2.1. Parcel Delivery Process
Originally, mail was the largest sector within The Company, but the volume of mail sent has been declining in
recent years. In contrast, package delivery has been increasing, with The Company delivering an average of
1.1 million packages per working day in 2023. To manage the transportation of over a million packages daily,
The Company must efficiently handle the entire package delivery process from the customer to the receiver.
To facilitate this, The Company operates 37 depots in the Netherlands and 6 in Belgium. Of the 37 depots
in the Netherlands, 30 are designated for packages, 5 for mail, 1 for international delivery, and 1 specifically
for small packages. The 6 depots in Belgium are exclusively used for packages. These depots act as hubs
where packages are sorted to ensure correct routing to their final destinations. They form part of an efficient
delivery process, which is divided into five main steps: collection, first sorting, intertraffic, second sorting,
and distribution. The whole process is depicted in Figure 2.1 and the next sections will provide a detailed
explanation for each step.

Figure 2.1: Five key steps of the delivery process1

2.1.1. Collection
During the collection phase, all packages from The Company’s customers are brought to one of the large
depots. Typically, packages are taken to the depot nearest to their collection point. However, this is not
always the case. Sometimes packages are redirected to another depot due to capacity issues at the nearest
sorting centre or for various other operational reasons. Depending on the size and terms of the contract with
the customer, collection may be performed by The Company or the customer may be required to bring the
packages to a retailer or to a depot themselves.

1Illustration created by the author using icons from The Company
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2.1.2. Send Sorting
After collection, packages undergo their first sorting process, known as send sorting. The objective of this step
is to organize the packages according to the second depot they will be sent to. This second depot is located
closer to the destination address, facilitating efficient distribution.

2.1.3. Intertraffic
During the intertraffic phase, packages are transported from the first depot to the second depot. This trans-
portation process can follow one of two routes. The first route involves direct transportation of packages from
the first depot to the second depot. The second route involves routing the packages through an intermediate
location known as a cross-dock. In this scenario, the package’s journey is divided into two segments. The
first segment involves transportation from the first depot to the cross-dock. During this segment, packages
destined for various depots are combined into single transport. Upon arrival at the cross-dock, the loads
from multiple trucks are split and reorganized into groups of packages that are headed to specific destination
depots. After this reorganisation, the packages are transported from the cross-dock to their respective des-
tination depots. An exception exists for packages that are already at the correct depot after the first sorting.
These packages bypass the intertraffic transport phase and proceed directly to the next phase.

2.1.4. Distribution Sorting
The second sorting process, known as distribution sorting, is the final step before the packages are delivered
to the receiver. In this phase, packages are sorted into collections that correspond to the delivery area of one
delivery person.

2.1.5. Distribution
The final step of the delivery process is the distribution of the packages to their final destination. Delivery
personnel fill their buses with the packages on their route and drive out to deliver them. Ideally, the pack-
age is successfully delivered in the first attempt. However, in cases where delivery is not possible, such as
when the receiver is not at home, or no package locker is available, the package is returned to the depot.
It then either goes through the second sorting process again to be redelivered the next day, or it is handled
differently.

2.2. Costs
At each stage in the delivery process, costs are introduced. The Company keeps track of these costs using
weekly reports. These reports contain detailed information about the costs associated with specific steps
of the supply chain. The weekly reports relevant to this thesis include those from depots, transport, and Bel-
gium. The costs specified in the weekly depots include all expenses related to the depots, including collection
and distribution. The transport reports, on the other hand, cover expenses introduced during the intertraffic
phase. However, since intertraffic does not only apply to the package delivery supply chain, the correct costs
had to be extracted from these general transport costs. The weekly reports from Belgium detail the costs rel-
evant to the entire supply chain within Belgium. In addition to the costs detailed in the weekly reports, there
is another cost component that contributes to the overall cost per package. This component is the cost of
trailers. The Company uses two types of trailers: swap trailers and storage trailers. Swap trailers are filled
by large customers with packages and swapped for empty ones when trucks arrive. Storage trailers provide
flexible storage capacity, temporarily holding packages when depots are full until processing begins. These
costs are billed monthly, so to get the weekly costs, the monthly costs are divided by the number of weeks in
the month.

To determine the cost per package, the total costs are divided by the volume of packages. The term volume
has various definitions within The Company, therefore a precise definition is necessary for clarity. In this
thesis, the volume is defined as the total number of packages that had their first sorting in the Netherlands
or Belgium. Since the costs are reported weekly, the volume is also specified every week. This is summarised
into the following formula for the cost per package:

Cost Per Package = Depot Costs+Transport Costs+Belgium Costs+Trailer Costs

Volume

This definition of the cost per package is new for The Company and directly addresses two of the problems
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identified in Section 1.1. First, it resolves the inconsistencies caused by varying definitions of volume across
different stages of the supply chain. By establishing a definition, a standardized basis for calculating the
cost per package is provided. Second, the inclusion of packages with their first sorting in Belgium in the
volume calculation addresses the problem of incomplete data. This inclusion provides a more complete
understanding of The Company’s overall costs, making sure not to underestimate it.

2.3. Volume Forecasting
The forecasted volume is an important aspect of the The Company supply chain, as it informs the planning
and resource allocation necessary to handle all package deliveries efficiently. The relevance of the volume
forecast for this project lies in its important role in determining the cost per package. Accurate volume fore-
casts allow for efficient resource allocation and operational planning, which directly impacts the cost effi-
ciency of parcel delivery. Therefore, understanding and anticipating the volume of packages will give insights
into the cost per package. Besides, the volume forecast serves as an input for the cost-per-package fore-
casting model. If the volume forecast is inaccurate, this will add to the uncertainty of the cost per package
forecast. Hence, the accuracy of the volume forecast is a foundational element in achieving reliable results in
the forecasting of the cost per package.

The Company employs two distinct methods to create volume forecasts, which are then compared and com-
bined to produce a final forecast known as the rolling forecast. This rolling forecast provides predictions for
the next eight weeks and is updated weekly.

The first method relies primarily on forecasts provided by The Company’s largest customers. These forecasts
are based on the customers’ own expectations and plans, including any scheduled promotions. By gathering
and aggregating this information, The Company can predict the volume of packages expected from these
major clients, allowing for adjustments in planning and operations based on anticipated demand.

The second method utilizes indices derived from historical data to predict future volumes. This approach
involves several steps. An index is created based on the weekly volumes of the past years, where the index
value of 100 represents the average volume over a specific reference period. Each week’s volume is compared
to the index value of 100 to understand deviations. These deviations help predict what the index will be for
upcoming weeks. Knowing the volume that corresponds to an index value of 100 allows The Company to
estimate the number of packages for each week. These estimates are further broken down into daily volumes
based on historical daily distribution patterns.

Each week, a meeting is held to compare the forecasts generated by these two methods. The predicted costs
from customer-based forecasts and index-based forecasts are discussed, and the most likely outcome is de-
termined. The insights from these discussions are used to combine the two methods and create the final
rolling forecast to be used for the planning of resources and employees. Since the planning is based on the
rolling forecast, the forecast must be as accurate as possible. This ensures that the right amount of resources
is allocated to handle the expected volume of packages.



3
Dataset

This chapter describes the creation of the dataset, beginning with the identification of potential factors that
are of influence on the cost per package. For each of these factors, their potential impact on cost efficiency
is described. Additionally, an overview is provided of the data sources and the methodology used for data
collection and storage, forming the basis of subsequent analyses.

3.1. Factors Influencing Package Cost
To understand the various elements that influence fluctuations in the cost per package, first potential factors
have to be identified. Through discussions with The Company employees across various departments, several
factors were identified as potentially influencing the cost per package. These factors are categorized into four
main groups: external factors, process characteristics, volume distribution, and package characteristics. An
overview of these factors, along with brief explanations, is provided in Table 3.1. The rest of this section
provides a more detailed description of each factor and its potential impact on the cost per package.

Category Factor Explanation

Package Characteristics Average weight Average package weight in grams.
Average DM3 Average package volume in cm3.
Volume NMG ratio Proportion of non-machineable goods.

Process Characteristics Hit rate Percentage of first-attempt deliveries.
Avg distance Average distance between the first and the second

depot for sorting.
Ratio forecast/realisation Forecasted vs. actual volume ratio.

External Factors Diesel price Current diesel prices from CBS.
Inflation Inflation rate from CBS.

Volume Distribution Ratio min/max volume Ratio of the maximum to minimum volume ob-
served within a week.

Ratio Belgium Share of packages destined for Belgium.
Ratio Main Client Share of packages processed at a specific sorting

centre for the main client.
Ratio international Share of packages sorted for international delivery
Total Volume Quantity of packages that had their first sorting in

a depot in the Netherlands of Belgium.

Table 3.1: Overview of the potential causes of fluctuation

6
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3.1.1. Package Characteristics
Package characteristics, such as weight, volume, and the proportion of non-machineable goods (NMG), sig-
nificantly influence operational costs. The size and weight of packages directly impact the resources needed
for transportation and handling, thereby influencing overall costs. NMG packages are packages that can-
not be processed automatically due to their size, shape, or weight. These packages require manual sorting
and handling, which is more resource-intensive. Consequently, the presence of NMG packages can lead to
increased depot costs.

3.1.2. Process Characteristics
Process characteristics include factors directly related to the logistics and operations involved in delivering
a package, covering everything from sorting to delivery. The hit rate, which is the percentage of packages
successfully delivered on the first attempt, influences labour and fuel costs, as well as sorting expenses. This
effect occurs because unsuccessful deliveries require an additional delivery attempt and consequently an
additional pass through the distribution sorting process.

Another considered factor is the average distance a package travels from the depot where the first sorting
occurs to the depots where the second sorting is done. This average distance contributes to fuel consumption
and personnel costs for the longer driving time.

Furthermore, the ratio of forecasted to actual volume delivered (forecast realisation ratio) is a way to assess
the accuracy of operational planning. Differences between forecasted and actual volumes can lead to ineffi-
ciencies, either through resource underutilization or inability to meet demand. When actual volumes fail to
meet the forecasted volumes, resources may be underutilized, leading to increased cost per package as the
fixed costs are distributed across fewer packages. This effect is aggravated by the fact that costs are inflated
initially due to the resource planning based on high forecast, and these elevated costs must then be spread
across a smaller number of packages.

Conversely, exceeding forecasts can result in the overutilization of resources, driving up variable costs due to
the need for additional labour and materials. The last-minute solutions that are required in these situations,
often involve more expensive labour and resources, which can negatively impact the cost per package.

3.1.3. External Factors
External factors, such as diesel prices and inflation, are variables beyond The Company’s control. Despite
being outside The Company’s influence, they can still impact the company’s costs. For instance, changes in
diesel prices directly affect transportation expenses, as increases in fuel costs lead to higher costs for shipping
and delivery operations. Similarly, inflation affects the cost of goods and services which are important to The
Company’s package handling, leading to an overall increase in operational costs.

3.1.4. Volume Distribution
The last category of potential causes of fluctuations within the cost per package is volume distribution. This
category includes factors related to the volume, including the total volume, the distribution of package vol-
umes across different depots and how to volume is spread within the week. All these factors affect resource
allocation and efficiency throughout the supply chain.

For instance, the total volume of packages, defined as the number of packages that had their first sorting in
either the Netherlands or Belgium, is important for the total cost efficiency. Higher volumes generally lead to
scaling advantages, reducing the cost per package.

Additionally, the volume distribution affects resource allocation. For instance, a busier day necessitates more
trucks, as well as additional personnel in both the depots and distribution network. An imbalance in volume
distribution, particularly the ratio of maximum to minimum volume within a week (min/max volume ratio),
can cause inefficient resource allocation. A low min/max ratio reflects high variability in daily volumes. This
inconsistency in handled volumes can make it difficult to plan and utilize resources efficiently, and thus could
lead to increased costs per package.

Moreover, costs are influenced by factors such as the proportion of packages delivered within Belgium (Bel-
gium ratio), and those processed at specific centres like the sorting centre specifically for the main client’s
packages (Main Client ratio), and for international packages (international ratio). Over the years, the volume
of packages processed in Belgium has increased. However, the infrastructure of The Company in Belgium is



3.2. Data Collection 8

not as developed as in the Netherlands. Additionally, in Belgium, distribution is managed through contractors
rather than in-house employees, as is the default in the Netherlands. Combined with the smaller processing
volumes at Belgian centres, these factors contribute to less efficient handling of packages. Consequently, the
cost per package in Belgium may be higher.

There is one sorting centre that specifically serves as the sorting centre of packages for both export and incom-
ing imports. The timing of the arrival of imported packages, particularly from China, is very unpredictable;
packages may arrive in large batches without warning, followed by periods with no arrivals. This introduces
challenges for scheduling and necessitates expensive last-minute logistical adjustments.

On the other hand, the main client benefits from a strategic location near their warehouse, enhancing opera-
tional efficiency. This proximity allows for the quick and efficient processing of orders, likely contributing to
lower operational costs per package.

3.2. Data Collection
With the features defined, a dataset can be constructed that incorporates these feature for analysis. To do
this, multiple data sources were used, including internal databases, weekly reports, and external sources.
This section explains the data collection process and describes how each feature was obtained.

3.2.1. Data Preparation
The Company works with Amazon AWS1 to store and manage its data in a centralized data lake, allowing for
the storage of both structured and unstructured data at any scale. The most relevant database for this thesis
is one that contains detailed information about all packages. Each update to this database creates a new row,
resulting in multiple rows for a single package.

Given that millions of packages are processed daily, each with many features and multiple rows, the database
becomes very large. To manage this, a clean version of the database was created first by selecting only the rel-
evant columns and aggregating the information from multiple rows into a single row per package. The initial
goal was to match the number of rows per week in the clean dataset with the realisation volume reported in
weekly reports. If the volume matches, it indicates that the correct packages are selected, making the dataset
a reliable basis to extract other features. This task was challenging due to the presence of duplicates, missing
data and irrelevant packages, requiring the application of correct filters. The limited documentation made it
time-consuming to develop the correct query.

3.2.2. Definition of Features
Once the volume matching was successful, the dataset was extended to include the desired features. For each
feature, one value per week was calculated. A week start is defined to be on Sunday as this is standard for The
Company. The weekly data points were then combined into one dataset. A specific definition per feature is
provided in the following sections.

Average Weight and Volume
For the weight and volume (DM3), the respective fields in the database were used. Since not every package
had these values defined, the average weight and volume were calculated based on the packages that did have
this information.

Volume NMG Ratio
Non-Machinable packages are classified based on their dimensions, weight, and shape. There are maximum
limits for weight and size, as well as a minimum size to prevent small packages from getting lost. The ratio of
Non-Machinable Goods was calculated by identifying packages falling outside the standard dimensions and
dividing this count by the total number of packages.

Hit Rate
Packages delivered at the first attempt, either at home or to a pick-up point, are considered successful first-
attempt deliveries. The database includes a field about the delivery status, which specifies these two options
among others. This field is used to identify first-attempt deliveries. The hit rate is then calculated by dividing
the number of first-attempt deliveries by the total number of packages.

1https://aws.amazon.com/console/

https://aws.amazon.com/console/


3.2. Data Collection 9

Average Distance
The distance between the first and second sorting depots is calculated using their latitudes and longitudes
with the Haversine formula. This formula determines the shortest distance between two points (φ1,λ1) and
(φ2,λ2) on a sphere. It is given by:

distance = 2∗ r ·arcsin

(√
sin2

(
∆φ

2

)
+cos(φ1)cos(φ2)sin2

(
∆λ

2

))

where r is the Earth’s radius of approximately 6,371 km, ∆λ = λ2 −λ1 and ∆φ = φ2 −φ1 [6]. The average
distance is then calculated by taking the mean of all distances.

Ratio Min/Max Volume
The ratio of the minimum and maximum volume within a week is calculated by considering the daily vol-
umes, excluding Sundays and holidays. This ratio is obtained by dividing the maximum volume by the mini-
mum volume.

Ratio Belgium, Main Client, and International
Packages destined for Belgium were identified by the country code of the destination address, while main
client and international packages were identified by the code of the first sorting centre. The ratios were cal-
culated by dividing the number of packages for each destination by the total number of packages.

Forecast realisation Ratio
The forecasted volume is saved in a specific file. This file was used to extract the forecasted volume per
week. The forecast realisation ratio was then calculated by dividing the forecasted volume by the total vol-
ume.

Diesel Price and Inflation
Data from CBS was used to incorporate Diesel Price2 and Inflation3. The data files were saved and parsed to
extract the relevant information.

2https://www.cbs.nl/nl-nl/cijfers/detail/80416ned
3https://www.cbs.nl/nl-nl/cijfers/detail/70936ned

https://www.cbs.nl/nl-nl/cijfers/detail/80416ned
https://www.cbs.nl/nl-nl/cijfers/detail/70936ned


4
Data Analysis

The objective of this chapter is to familiarize with the dataset and to gain insights into the factors influencing
the cost per package. By examining individual features and their interactions, the aim is to identify patterns,
trends, and relationships that can inform choices for methodology and provide initial insights into which
factors might be of significant influence on the cost per package. The analysis begins by focusing on the
cost per package, using descriptive statistics and time series analysis. Then, the interactions between these
features are explored through various statistical methods.

4.1. Inspecting the Cost Per Package
Initially, a detailed analysis of the cost per package is performed to study the properties of the data. This is
done by providing and overview of the cost per package over time and its basic statistics, followed by a deeper
evaluation of its patterns and dependencies.

4.1.1. Descriptive Statistics
The analysis begins with a visualisation of the cost per package over time, as depicted in Figure 4.1. The
histogram in the figure illustrates the distribution of costs, highlighting the spread of the data. Due to the
sensitive nature of the costs for The Company, the absolute values are not displayed.

Figure 4.1: Data Visualisation of the Cost per Package1

The histogram reveals that the data is approximately normally distributed, with a slight skew towards lower
values. This normal distribution is interesting for many statistical analyses as it is a frequently occurring as-
sumption. However, the line plot shows that the costs are volatile, meaning that it exhibits many fluctuations
over the observed period. This volatility is particularly interesting for forecasting purposes as it adds complex-
ity to the forecasting task. It suggests that the cost per package is influenced by various factors that change
over time. Understanding these fluctuations can help improve the accuracy of future cost predictions.

1The y-axis is not displayed for confidentiality reasons.
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4.1.2. Auto Correlation Analysis
Auto-correlation is a standard method in time series analysis used to identify patterns and relationships
within the data. This method involves calculating the correlation between the cost per package at different
time lags. By analysing these correlations, it can be determined whether past values are informative of cur-
rent values. If a time series has significant auto-correlation, it suggests that the past values have a meaningful
relationship with the present values. This indicates temporal dependencies in the data, which is important
for time series forecasting and analysis methods, as they rely on these dependencies to make accurate predic-
tions. In contrast, if there is little to no auto-correlation, it implies that past values do not inform the current
values. In such cases, regular analysis and forecasting methods, which do not account for past data, might be
more appropriate [14].

Figure 4.2 shows the auto-correlation function (ACF) plot for the cost per package. Each bar in the plot rep-
resents the correlation coefficient for a specific lag. At lag 0, the correlation is always 1, as any variable is
perfectly correlated with itself at the same time point. As the lags increase, the plot shows how the past values
of the cost per package correlate with current values. The blue surrounding cone indicates the confidence
interval set at 95%. Bars extending beyond the horizontal bounds of the cone indicate that the correlation
at that lag is statistically significant. This means it can be asserted that, with 95% confidence, the observed
correlation is not due to random chance.

The ACF plot shows that the cost-per-package autocorrelations are significant at lags 1, 2, 3, and 4. This
indicates that the cost per package is influenced by its past values up to 4 time periods. Therefore, the cost per
package is not a random process, and temporal dependencies should be considered in the analysis.

Figure 4.2: Auto Correlation Plot for the Cost per Package

4.1.3. Stationarity Analysis
Another important aspect of time series analysis is stationarity. A time series is said to be stationary if its sta-
tistical properties, such as mean, variance, and autocorrelation, remain constant over time. Non-stationary
time series often contain trends and seasonality, causing these statistics to change. Many time series fore-
casting and analysis methods require the data to be stationary to produce valid results. If the data is not
stationary, the results may be unreliable as they can depend on the specific time at which the data is ob-
served [25].

When a time series is non-stationary, it can be transformed into a stationary series using various techniques.
One common transformation is differencing, where the value at time t is subtracted from the value at time t−
1. Data in its original form is called level data, whereas data differenced n times is called nth difference data.
By applying differencing, trends and seasonality can be removed from the data. However, to best preserve the
inherent properties of the time series, differencing should be minimized. It should only be applied to achieve
stationarity, as excessive differencing might lead to the loss of long-term information [25].

To test for stationarity, the most common methods are the Augmented Dickey-Fuller (ADF) test [15] and the
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test [53]. The ADF test’s null hypothesis is that the time series is
non-stationary, while the KPSS test’s null hypothesis is that the time series is stationary. For the ADF test,
data is considered stationary if the null hypothesis is rejected, requiring a p-value below the significance
level. Conversely, for the KPSS test, stationarity implies accepting the null hypothesis, necessitating a p-value
above the significance level.
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To test for stationarity of the cost per package, the ADF and KPSS tests were first performed on the level data.
Their test statistics are shown in Table 4.1, with statistically significant results at the 5% level highlighted in
blue. The ADF test accepts the null hypothesis, while the KPSS test rejects it, therefore it can be concluded
that the level data is non-stationary. The tests provide opposing results for each the ADF and KPSS, which
is expected and validates the outcomes’ reliability. As a next step, differencing is applied to see if this trans-
formation achieves stationarity. The differenced data was tested again using the ADF and KPSS tests. The
results, as displayed in the second column of Table 4.1, indicate that the ADF test rejects the null hypothesis,
while the KPSS test accepts it. Thus, it can be concluded that the first difference data is stationary.

Level Data First Difference

ADF KPSS ADF KPSS

−2.773 1.098** −9.137*** 0.113

Table 4.1: Stationarity Test Results for the Cost per Package
*** statistically significant at the 1% level.
** statistically significant at the 5% level.

4.1.4. Time Series Decomposition
The observations that the data contains temporal dependencies and is non-stationary suggest the presence
of underlying patterns such as trends and seasonality. To gain insights into these patterns, it is useful to
decompose the time series into its fundamental components: trend, seasonality, and error. This can be done
with a time series decomposition analysis, which breaks down the data into these components. The trend
represents the general direction in which the data is moving over a longer period. Seasonality captures the
repeating short-term cycle in the data, which helps understand periodic fluctuations that occur at regular
intervals, such as monthly or yearly patterns in the cost per package. The error (residual) represents the
random variation in the series, helping to identify the noise in the data that cannot be explained by the trend
or seasonality [27].

The decomposition of the time series is performed using the seasonal_decompose function from the
st at smodel s2 library as this is a popular and reliable implementation [24]. The results of the decomposition
are visualized in Figure 4.3.

Figure 4.3: Trend, Seasonal and Error Decomposition of the Cost per Package.3

2https://www.statsmodels.org/stable/index.html

https://www.statsmodels.org/stable/index.html
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The trend component, depicted in the top plot, shows a gradual upward movement over time. This indicates
that the average cost per package has been increasing steadily from January 2022 to early 2024.

The seasonal component in the middle plot, shows regular cycles of peaks and troughs, especially when com-
paring the two full years. For both years, the peaks and troughs occur at approximately the same time. Within
the years, two main peaks and troughs are visible, one pair per half year. However, not with the same am-
plitude. Around the end of the year, the troughs are deepest, meaning that the costs are lowest. This can be
explained by the fact that those are the busiest months for The Company, due to Black Friday, Sinterklaas and
Christmas. Higher volume likely means scaling advantages and efficient use of the resources, which results
in lower costs per package.

Finally, the residual component in the lowest plots shows small residuals which are centred around zero.
This means that the decomposition effectively isolates the main components of the time series. However,
the periods between July and October show irregular residuals, which indicate unexpected changes in costs.
It could be that summer is a less predictable period in the year, where external factors such as weather and
holidays influence customers’ purchasing behaviour.

4.2. Identifying Significant Cost Drivers
After zooming in on the cost per package, the analysis shifts to its relationship to other features. The features
were all chosen to be of potential influence on the cost per package, but the goal is to investigate which
of the impacts are significant. As this is a challenging task with many possible approaches, a combination
of methods is employed for a multi-sided analysis. This section focuses on the statistical methods used to
identify significant relationships. These insights serve as the foundation for the upcoming chapter, which
will focus on forecasting costs and assessing feature importance to further explore the interactions between
the features and the cost per package.

4.2.1. Method Selection
The selection of statistical methods for finding the significant relationships between the features and the cost
per package of is guided by multiple considerations.

First, the methods should vary in complexity, from simple pairwise dependencies to more complex approaches
that consider the dataset as a whole. By applying simple methods, a basic understanding of the relationships
between the features and the cost per package can be formed. Whereas, by using more complex methods that
consider interactions between multiple features can provide deeper insights.

Second, given that the dataset consists of time series data, it inherently includes temporal dependencies.
Therefore, the methods’ ability to capture these temporal dependencies is included as a consideration. This
makes causal discovery methods for time series particularly relevant. These methods aim to identify causal
relationships in time series and estimate the effect of one variable on another [4]. There are four main classes
of causal discovery approaches [10, 46]:

• Granger causality based methods are statistical methods that are used to determine whether one time
series is useful in forecasting another [22].

• Conditional independence based methods determine causal relationships by assessing whether vari-
ables are independent of each other given the presence of other variables [50].

• Structural Equation Models involve representing causal relationships through a system of equations
that describe how variables influence each other [57].

• Deep Learning Approaches use neural networks to find complex, non-linear relationships in data [47].

Due to the small size of the dataset, overly complex methods like the deep learning approaches are not
suitable. The other classes all contain methods that could be of interest for this thesis, leaving many op-
tions.

To further refine the choices, it is necessary to specify the relevant definition of causality. Many causal dis-
covery methods rely on temporal precedence, where a cause precedes its effect. However, for this thesis, it’s
more relevant to consider situations where cause and effect occur simultaneously, known as direct causality.

3The y-axis is not displayed for confidentiality reasons.
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This is because the cost per package is likely influenced by features within the same week [4]. For example,
the average weight of the packages will only affect the cost for that particular week. This concept is known as
direct causality. This focuses attention on techniques that can capture these direct effects.

The final consideration involves latent cofounders, which are unobserved variables that influence both the
independent and dependent variables, thereby potentially biasing the observed relationship between the [5].
While the dataset was chosen to capture factors influencing the cost per package comprehensively, external
events, such as COVID-19 or the war in Ukraine, can also impact costs. Hence, a method that can account for
latent cofounders could be valuable to include.

The methods chosen and the specific motivations for their selection will be detailed in the next sections.

4.2.2. Correlation
The first choice is correlation analysis, which is a common starting point to identify initial patterns and con-
nections among variables [21]. This approach is chosen for its simplicity. Although correlation does not imply
causation or directly confirm a relation between two variables, it helps identify initial patterns and connec-
tions among variables. Besides, it gives a possibility to verify if the direction and strength of the relationships
between the variables are as expected. If so, this strengthens the belief that the data is correct and validates
the reliability of subsequent analysis results.

The correlations are computed using the Pearson correlation coefficient. The Pearson correlation coefficient
not only measures the linear relationship between two datasets but also involves a statistical test to evalu-
ate the significance of this relationship. The significance is assessed through a p-value, derived from a beta
distribution, which quantifies the probability that the observed correlation could occur by chance. The null
hypothesis is that there is no true linear correlation between the two considered variables. Rejecting the null
hypothesis suggests that the observed correlation is unlikely to have occurred by random chance, thereby
indicating a statistically significant linear relationship between the two variables [49].

For this analysis, a significance level of 5% is used, and thus only those variable combinations with p-values
under 0.05 is considered statistically significant. Accordingly, Figure 4.4 displays only those correlations that
meet the 5% significance threshold. Exact numbers are omitted, but the colours indicate the relationships
and their strengths.

Figure 4.4: Correlations between the Cost per Package and Each of the Features

The correlation matrix reveals positive correlations between the cost per package and the avg dm3 and vol-
ume NMG ratio. Whereas negative correlations are observed with the diesel price, hit rate, inflation, num
delivery days and volume. These correlations are all in line with the reasoning when choosing the features, as
described in Section 3.1, except for the correlation between the inflation and the diesel price. These correla-
tions are negative, where a positive correlation is expected since higher diesel prices and inflation intuitively
would lead to a higher cost per package. This might already be an indication that the relationship of the cost
per package with both the inflation and the diesel price is not significant. This should be kept in mind during
the evaluation of the validity of subsequent analytical methods.

The strongest positive and negative correlation for the cost per package is observed in combination with the
avg dm3 and volume respectively. This is not surprising due to their direct impact on the costs per pack-
age. Larger packages require more resources and are likely to increase the cost per package. Whereas higher
volumes are likely to reduce the cost per package due to scale advantages.
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4.2.3. Granger Causality
The second method applied is Granger causality, which is a popular method that has been widely used to infer
the relationships from time series data [13, 54, 17]. It is a statistical method used to determine whether one
time series is useful in forecasting another. This concept, known as predictive causation, measures whether
past values of one series improve the prediction of another series [56]. Granger causality is chosen for its
simplicity and intuitive approach to understanding relationships using the information in the predictor. This
is particularly relevant for analysing the cost per package, as it provides insights into temporal relationships
and predictive dependencies. However, Granger Causality does not account for latent confounders, thus the
results require careful interpretation and validation [18].

The key idea of Granger causality is to use past values to predict future values and measure the variance of
prediction errors. If including past values of a predictor variable X reduces the prediction error variance for
a target variable Y , then X is said to Granger-cause Y [13].

Formally, a Vector Autoregressive (VAR) model is used to fit two models: one using only past values of the
target variable Y , and another using past values of both Y and the predictor variable X . The VAR model
is an autoregressive model which involves regressing each variable on its own lagged values as well as the
lagged values of the other variables in the system. To statistically test if the additional predictor significantly
improves prediction accuracy an F-test is used to compare the variance of prediction errors. The null hypoth-
esis states that lagged values of X do not improve the prediction of Y . If the test rejects the null hypothesis, it
is concluded that X Granger-causes Y [13].

Stationarity
In the definitions for Granger Causality, it is assumed that the time series are stationary. As mentioned in Sec-
tion 4.1.3, a time series is stationary if its statistical properties, such as mean, variance, and autocorrelation,
remain constant over time. Non-stationary data can lead to spurious results because the outcomes depend on
the specific time period analysed, and thus they may vary if a different time period is considered [22].

To test the stationarity of the features, the same approach used for testing the stationarity of the cost per
package in Section 4.1.3 is applied. The results are shown in Table 4.2, with statistically significant results
at the 5% level highlighted in blue. From the results, it can be concluded that the stationary time series are
forecast realisation ratio, hit rate, min max volume ratio, num delivery days, volume, volume BE ratio, volume
international ratio and that the remaining features are stationary in the first difference.

Feature Level Data First Difference

ADF KPSS ADF KPSS

avg distance −0.754 0.760*** −3.904*** 0.252
avg DM3 −2.471 1.412*** −6.817*** 0.032
avg weight −2.574 0.965*** −5.651*** 0.052
cost per package −2.773 1.098** −9.137*** 0.113
diesel price −2.113 0.568** −6.455*** 0.122
forecast realisation ratio −6.937*** 0.115 −6.78 *** 0.147
hit rate −3.051** 0.407 −11.682 *** 0.359
inflation −0.979 1.158*** −10.595 *** 0.175
min max volume ratio −5.751*** 0.315 −6.535*** 0.225
num delivery days −8.817*** 0.042 −7.331*** 0.079
volume −4.491*** 0.176 −6.221*** 0.084
volume be ratio −3.846*** 0.228 −6.380*** 0.063
volume main client ratio −2.608 1.109*** −19.893 *** 0.033
volume export ratio −5.991*** 0.162 −6.442*** 0.066
volume international ratio −2.138 1.118*** −9.689*** 0.091

Table 4.2: Unit Root Test Results on level data
*** statistically significant at the 1% level.
** statistically significant at the 5% level.

To ensure valid results, the tests are performed using level data for the features that are stationary in their
level form, and differenced data is used for the features that are not stationary in their level form.
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Cointegration
If the data is non-stationary, there is an additional assumption that must be met for the Granger causality test
to be valid. This assumption is that the time series are not cointegrated. Cointegration is a statistical property
of a collection of time series variables. Two or more time series are cointegrated if they share a common trend,
meaning that they form a stationary time series together. [1]. In cases of cointegration, the autoregressive part
of the Granger causality test should be performed using Vector Error Correction Models (VECM) instead of
a VAR model. The VECM accounts for the long-run equilibrium relationship between the series, ensuring
validity of the results [13].

The Johansen Trace Test is commonly used to test for cointegration among time series. The null hypothesis
states that there are at most r cointegrating vectors, while the alternative hypothesis suggests there are more.
By iteratively evaluating different values of r , the test identifies the number of cointegrating vectors. It does
so by assessing the eigenvalues of a matrix derived from the data. Each eigenvalue significantly larger than
zero corresponds to one cointegrating vector. If no significant eigenvalues are found, it indicates that there is
no cointegration among the time series, and the Granger causality test is valid [29].

The Johansen Test is applied to each combination of the cost per package and a non-stationary feature. Since
the evaluation is on pairs, r = 0 and r = 1 are relevant. The results, presented in Table 4.3, show that almost
all test results are significant. The only exception is inflation at r = 1. This suggests that each non-stationary
feature has at least one cointegrated feature with the cost per packag and thus a VECM should be used for
valid Granger causality testing.

Feature r = 0 r = 1

volume main client ratio 34.363** 9.43**

volume NMG ratio 23.733** 7.102**

avg DM3 47.866** 19.882**

avg weight 32.458** 12.146**

avg distance 34.237** 12.257**

inflation 27.762** 4.821
diesel price 20.628** 6.441**

Table 4.3: Cointegration test results
** statistically significant at the 5% level.

Granger Causality Test Results
After addressing stationarity and cointegration, Granger causality can now be applied. To do this, one value
has to be specified which is the lag order of the autoregressive models. This value determines the number
of lagged values of the regressors included in the model. The Akaike Information Criterion (AIC) is most
commonly used to determine the optimal lag value by evaluating various lag lengths and selecting the one
that minimizes the AIC value [13]. This criterion balances model fit and complexity, penalizing the number
of parameters to prevent overfitting. By comparing AIC values across different lag lengths, the lag with the
lowest AIC value is chosen as it represents the best trade-off between goodness of fit and simplicity [61]. With
the specification of the lag order, the autoregressive models can be fitted and the Granger Causality test can
be applied. The results of the Granger causality test and the selected lag values are indicated in Table 4.4. The
features that show are statistically significant result are avg dm3, avg weight, forecast realisation ratio, hit rate
and volume.

Whiteness
The final criteria for validity states that the residuals of the regression are white noise. White noise is a se-
quence of uncorrelated random variables with a mean of zero and a constant variance [43]. The residuals are
the difference between the actual value and the predicted value. The residuals are tested for whiteness using
the Portmanteau test as is often done [41]. The null hypothesis of the Portmanteau test is that the residuals
are white noise, so for validity of the test this hypothesis should be accepted. The results of the whiteness test
are shown in the "Whiteness" column in Table 4.4. None of the features have significant results, which means
that the residuals are white noise and the Granger causality test is valid [13].
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Feature Causality Lag Whiteness

avg distance 0.776 5 15.293
avg DM3 2.374** 5 11.399
avg weight 2.723** 4 35.777
diesel price 1.99 3 35.22
forecast realisation ratio 2.784** 5 12.12
hit rate 3.268*** 4 44.329
inflation 0.247 1 47.288
min max volume ratio 1.926 3 23.106
num delivery days 0.389 1 26.907
volume 2.906** 4 19.658
volume main client ratio 0.417 2 56.919
volume international ratio 0.046 1 24.501
volume NMG ratio 1.89 5 18.185

Table 4.4: Granger Causality test results Cost per Package
*** statistically significant at the 1% level.
** statistically significant at the 5% level.

4.2.4. LPCMCI
As a final method, an approach that addresses all considerations mentioned in Section 4.2.1 is sought. This
implies that latent confounders must be accounted for, time dependencies captured, and only direct causa-
tion evaluated. Unlike correlation and Granger Causality which only consider pairwise relationships, a mul-
tivariate method that captures the entire dataset is needed. Given these requirements, LPCMCI was chosen.
LPCMCI is effective in identifying direct causation and accounting for latent confounders [18]. Despite being
more sophisticated, LPCMCI has high detection power in small datasets and can handle the time-dependent
structure of the data effectively [19]. Furthermore, it has a reliable and well-documented implementation in
the Tigramite4 package, adding to its practicality for this analysis. All these considerations make it a suitable
option for finding more nuanced relationships beyond simple correlations and predictive causation.

Method
LPCMCI falls into the conditional independence based models of causal discovery. It is a graphical model,
which means it uses a graph-based representation to show the conditional dependencies between variables.
The algorithm begins by creating a fully connected graph. This graph considers all potential links between
variables at different time lags. The number of time lags to be considered is a parameter that needs to be
specified. In the case of direct causation, this parameter is set to 0 [18].

After establishing these initial links, the algorithm iteratively refines the graph using conditional indepen-
dence tests of two variables while controlling for the influence of other variables [19]. If two variables are
found to be conditionally independent, the corresponding edge is removed. This process continues until no
more edges can be removed. The final output is a graph with only the significant causal links, represented
by an adjacency matrix. The values in this matrix correspond to the test results the conditional indepen-
dence test, indicating the strength and direction of causal relationships. Positive values indicate a positive
relationship, while negative values indicate a negative relationship [51].

LPCMCI Results
The LPCMCI algorithm assumes stationarity. From Table 4.2, it is observed that all features are stationary
in the first difference. Therefore, the algorithm is applied data in the first difference and the outcomes are
shown in Figure 4.5.

Two relationships with the cost per package are established. A positive relationship is observed between the
cost per package and the forecast realisation ratio and a negative relation is found for volume and cost per
package.

When inspecting the data for the forecast realisation ratio, it was found that the value is often above 1, in-
dicating that the forecasted volume is higher than the realised volume. In those cases, planning is based on

4https://github.com/jakobrunge/tigramite

https://github.com/jakobrunge/tigramite
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Figure 4.5: LPCMCI Results

these inflated forecasts and the related costs need to be divided over less volume, leading to higher costs per
package. This explains the positive relationship as observed in the results of LPCMCI. The negative relation
between volume is explained by the scaling advantages as was already discussed in Section 4.2.2.

To ensure the validity of the results it is also interesting to look at the relationship between the features. As
logical relationships among features increase confidence in the reliability of the test results.

The positive connection between average weight, average dm3, and ratio NMG is an expected outcome. Heav-
ier packages are likely to correspond with larger packages, and larger packages are more likely to fall outside
the specifications for a machinable good. Whereas, the negative relationship between non-machinable goods
and the packages sorted in the main client sorting centre is can be attributed to the average size of their
packages. Generally, packages are smaller than those processed in other sorting centres, making them less
likely to be non-machinable. In contrast, packages from the main client are mostly sent to Belgium and the
Netherlands, explaining the negative relation with share of packages that is sorted at the international sorting
centre.

The average distance has significant positive relationships with International ratio and BE ratio. The is only
one sorting centre for international shipping. Therefore, every package originating from anywhere outside
the Netherlands should pass through there, increasing the distance. Similarly, packages destined for Belgium
must all be shipped to Belgium. The only negative relation for average distance is found for volume. As volume
increases, the spread of volume will expand in proportion to the usual spread. This means that in areas like
the Randstad, the volume will see a larger increase. As a result, packages become more concentrated, leading
to a decrease in the average distance travelled.

After critical evaluation, it appears that no significant relationships between the features is missing, which
further strengthens the reliability of the findings.
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4.3. Summary of Key Findings
The data analysis performed in this chapter provides valuable insights into the factors influencing the cost
per package. Initially, through descriptive statistics and time series analysis, it was observed that the cost per
package exhibits volatility, shows a slight upward trend, and follows seasonal patterns. These findings suggest
that the cost per package is not constant and is influenced by other factors. Additionally, the autocorrelation
analyses revealed significant temporal dependencies, indicating that past values of the cost per package are
informative of future values up to a lag of four periods. This validates the choice to interpret the data as a time
series rather than as independent data points.

By applying a combination of statistical methods, valuable insights into the factors influencing the cost per
package were found. The correlation analysis provided an initial orientation into the dependencies in the
data. Two notable variables, avg dm3 and volume, showed the strongest correlations with the cost per pack-
age, which is expected given their direct influence on costs.

The correlations were generally consistent with the hypothesized effects, confirming the correctness of the
data. The only unexpected results were for both inflation and diesel price, where a positive correlation with
the cost per package was expected, but the results showed negative correlations. This suggests that, if these
variables are found to be significantly relevant, their interpretation requires caution.

The Granger causality tests were employed to check for predictive causation for each pair of features with the
cost per package. Significant results were found for average size, average weight, forecast realisation ratio, hit
rate, and volume. However, this method’s limitation lies in its inability to account for latent confounders and
its focus on pairwise relationships.

The LPCMCI analysis addressed these limitations by identifying direct causal relationships while accounting
for latent variables and time dependencies. Additionally, this method provides a measure for causal strength,
offering extra information on the direction and strength of the relationships found. LPCMCI confirmed the
positive relationship between the cost per package and the forecast realisation ratio, as well as the negative
relationship with volume. These findings align with earlier results.

Comparing the results, forecast realisation ratio and volume form the set of overlapping findings from both
Granger causality and LPCMCI analyses. The strong correlation and significance in multiple tests confirm
that volume significantly impacts the cost per package, an expected but important validation. The forecast
realisation ratio similarly shows consistent significance, highlighting its importance.

Additionally, avg dm3 showed a strong correlation and significance in the Granger causality test. However,
more evidence is needed to conclusively determine its influence.

In conclusion, this analysis has explored the key factors influencing the cost per package. So far, it seems that
the precision of the forecast and volume have the most influence on the cost per package. These findings
will be further compared in the next chapters, which will focus on forecasting costs and assessing feature
importance to further explore the interactions between the features and the cost per package.



5
Methodology for Cost Prediction

This chapter focuses on the development and evaluation of various predictive models to achieve this goal.
The process begins with the selection of appropriate models, taking into consideration the characteristics
of the dataset, as discussed in the model selection section. Following this, the dataset used for training and
evaluating these models is detailed. The model optimisation process, including hyperparameter tuning and
feature selection, is then outlined. Finally, the methods used for evaluating the models are presented.

5.1. Model Selection
The selection of models for this comparative analysis was informed by the inherent characteristics of the
dataset. Consisting of only 118 data points, the dataset is relatively small. This is an important consideration
since, in line with the curse of dimensionality, the use of overly complex models can prove to be counterpro-
ductive. These complex models are prone to overfitting when applied to small datasets, which means they
might perform well on the training data but fail to generalise to new, unseen data [35]. Hence, simpler models
are likely to be more effective in this context.

Additionally, the data for the cost per package exhibits volatility and contains outliers as was already shown
in Figure 4.1. These characteristics can skew the results of predictive models, leading to poor performance
if the models are not able to handle such variations [11]. Therefore, selecting models that can mitigate the
effects of these fluctuations will probably increase forecasting accuracy.

Another important thing to consider is the temporal aspects of the dataset, as it introduces additional com-
plexities such as trends, seasonality, and potential cyclic behaviour. The models should be capable of ac-
counting for such time dependencies inherent in the data to make accurate predictions. One approach to
achieve this is by employing time series models, which are specifically designed to handle data indexed in
time order. Alternatively, non-time series models can be modified to account for time dependencies. Both
options are explored in this thesis to determine the most effective approach for forecasting the cost per pack-
age. This will be elaborated on in the sections 5.1.1 and 5.1.2.

In addition to considering dataset characteristics, the selection of models was also influenced by their inter-
pretability. Although at the point of time, the models were selected it was still uncertain to what extent the
interpretability would be elaborated on in this thesis, the option was kept open. This was done because it
could be valuable to The Company to understand the basis of the model’s predictions and to understand the
drivers behind the forecasted values of the cost per package. Especially in cases when the predictions deviate
from the expected values of the cost per package. By offering clarity on which variables most significantly im-
pact the predictions, the analysis becomes more transparent, facilitating a more informed decision-making
process. Consequently, models equipped with mechanisms for assessing feature importance were priori-
tized.

5.1.1. Time Series Models
Time series models are specifically designed to manage data indexed in time order, making them well-suited
for capturing temporal dependencies and patterns. Traditionally, many time series models are univariate,
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focusing solely on historical values of the target variable to make predictions. However, in this study, more
data is available. Potentially, this data can be used to improve the accuracy of the predictions. Therefore, a
choice was made to use multivariate models to predict the cost per package.

SARIMAX
The first model selected for this thesis is SARIMAX model which stands for Seasonal AutoRegressive Inte-
grated Moving Average with eXogenous regressors. The SARIMAX model is a classic time series model that
extends the Autoregressive Moving Average (ARMA) model by incorporating integration, seasonality, and ex-
ogenous variables. The ARMA model itself is a combination of two simpler models: the Autoregressive (AR)
model and the Moving Average (MA) model. The AR model assumes that the current value of the series can
be explained as a function of p past values. The MA model, on the other hand, assumes that the current value
of the series can be explained as a function of the error terms from q past values. The ARMA model combines
these two models to capture the temporal aspects of the data. However, it assumes the data to be stationary
and as seen in Section 4.2.3, this condition is not met by the data for the cost per package. The SARIMAX
model addresses this through the integration feature, which differences the data to create a stationary se-
ries. Furthermore, the cost per package follows seasonality which is captured with the seasonal extension
in SARIMAX, and finally, the addition of exogenous variables aligns with the requirement of a multivariate
model [55].

Prophet and Neural Prophet
Included in the comparative analysis are two more modern time series models: Prophet and Neural Prophet.
Prophet is designed to handle small to medium-sized datasets effectively. It is particularly useful when deal-
ing with datasets with irregular patterns and missing data, and it works well for time series data that ex-
hibit seasonal variations and trends [59]. These characteristics make it well-suited for the cost per package
dataset.

Neural Prophet, an extension of Prophet, integrates neural networks with the aim to better capture complex
patterns and relationships within the data [62]. Although in this thesis, there is a preference for simpler mod-
els due to the small dataset size, the inclusion of the Neural Prophet model in this analysis is intentional.
The aim is to validate if it is true that extra complexity translates into decreased forecasting performance in
this case. Furthermore, one consideration at the start of this project was to perform data augmentation to
increase the size of the dataset. Part of this evaluation would be to see if a complex model like Neural Prophet
would benefit from a larger dataset. This was an additional reason to include Neural Prophet in the analysis.
Finally, both models have features to evaluate model interpretation and both allow for additional regressors
to be included in the model which is desired.

5.1.2. Non-Time Series Models
Non-time series models are not explicitly designed to handle time series data. However, through appropriate
modifications and feature engineering, these models can be adapted to account for the temporal structure
of the data. This adaptation involves introducing features such as lagged variables, rolling averages, and
time-specific indicators like day of the week, month, or cyclically encoded time variables. Lagged variables
are essentially values of the target variable from previous time steps, providing insights into historical trends
and patterns. Time-specific features help capture the periodic nature of certain variables, accommodating
regular patterns that occur over specified time intervals. Additionally, rolling and moving windows can help
smooth out short-term fluctuations and reveal underlying trends. These techniques average the values within
a specified moving window across the dataset, thereby reducing the impact of anomalies and short-term
irregularities on the model’s performance. Together, these adaptations enable non-time series models to
effectively capture and use the temporal dependencies, to improve their forecasting accuracy in time series
data [27].

Linear Models
The group of models representing the non-time series approaches selected for this thesis includes linear
models. These type of models assume a linear relationship between the input features and the target variable,
offering a simple yet powerful means to understand how changes in the inputs affect the output. The simplest
among these, Ordinary Least Squares (OLS) estimates the coefficients of the linear equation by minimizing
the sum of the squared differences between the observed and predicted values [48]. The inclusion of this
model serves as the baseline for comparison with more sophisticated models.
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To enhance robustness, three additional linear regression models were introduced: Theil-Sen, RANSAC, and
Huber regressions. Theil-Sen regression is resistant to outliers because it calculates slope estimates based on
medians rather than means [60]. Random Sample Consensus (RANSAC) is an iterative algorithm designed to
fit a model to the inliers within the data set, effectively disregarding the outliers [16]. Huber regression im-
plements a Hybrid approach by combining squared error loss for data points close to the model’s predictions
and absolute error loss for outliers, thus mitigating their influence on the overall model fit [26].

Gradient Boosting Models
Finally, two advanced gradient boosting models, XGBoost and LightGBM, are included in the analysis. Gra-
dient boosting is a machine learning technique that constructs a predictive model as an ensemble of sim-
pler models, typically decision trees. The idea is that the simple models, known as weak learners, on their
own have poor predictive performance, but when combined, they create a strong predictive model. The
main principle behind all boosting algorithms, including gradient boosting, involves iteratively training these
weak learners. Each subsequent model focuses on correcting the errors made by its predecessors. In gradi-
ent boosting, this correction is achieved by fitting new models to the residual errors of the previous models,
thereby improving the model’s accuracy over time. This technique uses gradient descent optimisation to
minimize a predefined loss function, resulting in an iterative process that progressively enhances the model’s
predictive performance [12].

XGBoost and LightGBM are two popular implementations of gradient boosting algorithms. The difference
between the two models lies in their implementation details and performance characteristics. XGBoost em-
ploys a more regularized model formulation to prevent overfitting, while LightGBM uses a histogram-based
approach to split nodes in the decision tree, resulting in faster training times [33]. The models were chosen
because they are known for their effectiveness in handling complex data relationships [34] and are commonly
used in time series forecasting [64, 65]. Additionally, they offer mechanisms to assess feature importance, and
they have been successfully used for other projects within The Company, which makes them a natural choice
for this study.

5.1.3. Model Implementations
Each of the selected models was implemented using the Python programming language, leveraging popular
libraries to enhance the project’s efficiency. The implementation of SARIMAX was done using the pmdarima1

package which provides an interface known as auto ARIMA. This feature enables the automatic selection of
optimal model parameters through a stepwise search algorithm that is adaptable to ARIMA, SARIMA, and
SARIMAX models depending on the supplied arguments. Specifically for the SARIMAX model, the seasonal
parameter was set to Tr ue during class initialisation, and exogenous variables were incorporated during the
model fitting and evaluation phases.

The Prophet and Neural Prophet models were implemented by their respective original Prophet2 and Neural
Prophet3 package. The linear models were implemented using the Scikit Learn4 package, which is a well-
known library for machine learning in Python. The gradient boosting models, XGBoost and LightGBM, were
implemented using the XGBoost5 and LightGBM6 packages, respectively. These packages are widely used for
gradient boosting and provide efficient implementations of the algorithms.

5.2. Dataset
After selecting the models, the next step involved preparing the dataset for training and evaluation. This
dataset builds upon the one developed in the previous chapter, which identified potential causes of fluctua-
tion in the data. These identified causes now serve as potential features for further analysis. However, some
adjustments were made to the dataset to ensure it was suitable for time series forecasting. The adjustments
include feature engineering and preprocessing steps, which are detailed in the following sections.

1https://pypi.org/project/pmdarima/
2https://facebook.github.io/prophet/
3https://neuralprophet.com/
4https://scikit-learn.org/stable/
5https://xgboost.readthedocs.io/en/stable/
6https://lightgbm.readthedocs.io/en/latest/

https://pypi.org/project/pmdarima/
https://facebook.github.io/prophet/
https://neuralprophet.com/
https://scikit-learn.org/stable/
https://xgboost.readthedocs.io/en/stable/
https://lightgbm.readthedocs.io/en/latest/
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5.2.1. Feature Engineering
As detailed in Section 5.1.2, additional modifications were necessary to adapt the dataset for time series fore-
casting using non-time series models. To achieve this, lagged features, window features, and time-related
features were included in the dataset.

Lagged Features
The inclusion of lagged features involves adding four additional columns to the dataset, each representing
the cost per package at different lagged time points ranging from one to four weeks in the past. The decision
to use a lag of up to four weeks was informed by the autocorrelation analysis as detailed in Section 4.1.2. For
the cost per package, the ACF plot in Figure 4.2 reveals significant correlations at lags 1, 2, 3, and 4. This
observation validates the choice to include these specific lagged features in our dataset, as these past values
appear to have a statistically significant impact on the current cost per package, thereby providing valuable
predictors for forecasting future costs [27].

Rolling Window Features
The window features consist of the mean and standard deviation of the cost per package over a rolling win-
dow. Again, the choice of a window size of four weeks was informed by the results of the autocorrelation
analysis. The aim of these two features is to smooth out short-term fluctuations and highlight underlying
trends in the data. By averaging the values over a four-week period, the model can focus on the broader
patterns and tendencies in the cost per package, reducing the impact of short-term anomalies on the predic-
tions. The standard deviation feature provides insights into the variability of the cost per package over the
same window. This information can be valuable for understanding the stability and consistency of the cost
per package over time [9].

Time-Related Features
The time-related features include encodings of the week number and year each encoded in ways that enhance
model interpretation and performance. The week number is encoded using sin/cos encoding. In this encod-
ing, the week number w is transformed into two separate variables x and y , calculated as follows:

x = sin(
2πw

52
) , y = cos(

2πw

52
)

In this formula, the denominator 52 represents the total number of weeks in a year, denoting the length of a
full cycle. This sin/cos transformation allows the model to more effectively capture the cyclic nature of weeks
throughout the year [42].

Finally, the year is encoded as a centred variable, which is calculated by subtracting 2022 from the actual
year. This transformation makes sure the year starts at zero since 2022 is the first year in the dataset. Such
transformation makes sure that potential scaling issues are avoided and that the model can capture long-
term trends in the data [9]. By including these time-related features, the aim is that the model can account
for seasonal patterns and trends that may influence the cost per package over time.

Number of Delivery Days
In addition to the extra features added to the dataset to adapt to non-time series models, one other feature
was introduced: the number of delivery days within a week. The number of delivery days can be different
per week due to various factors. For instance, during national holidays, fewer delivery days are scheduled.
Conversely, during peak periods such as Black Friday, Sinterklaas, and Christmas, an extra delivery day may
sometimes be required. This could influence the cost per package in two ways. Firstly, more delivery days
in a week could distribute the fixed costs over more packages, potentially lowering the cost per package.
Second, the number of delivery days can impact the volume forecast. An additional delivery day would in-
crease the forecasted volume for that week, while a day less would decrease it. Given the expectation that the
volume forecast significantly impacts the cost per package, the number of delivery days could provide addi-
tional context to the models. For example, in a scenario where the volume forecast is low, but the number
of delivery days is also low, the cost per package might be similar to a situation with a higher volume and
more delivery days. Therefore, it is hypothesized that this feature could help the models make more accurate
predictions.
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5.2.2. Preprocessing
The next step is to preprocess the data to ensure that it is in a suitable format for training the models. The only
preprocessing step that is applied to the dataset is normalisation. The goal of normalisation is to ensure that
all features are on a comparable scale, preventing any one feature from dominating the model’s predictions.
Two normalisation methods were considered: scaling and standardisation. Scaling involves transforming the
data to a specific range, typically between 0 and 1, while standardisation involves transforming the data to
have a mean of 0 and a standard deviation of 1 [3]. For this thesis Min-Max scaling was chosen because it only
scales the data and therefore preserves the shape of the original data. This is important because the interpre-
tation of the model’s predictions remains consistent with the actual values of the cost [52]. The normalisation
was done using the MinMaxScaler function from the Scikit Learn package and was applied to all features
except for the time-related features described in section 5.2.1, which were already in a suitable range.

5.2.3. Train Validation Test Split
Following the preprocessing steps, the dataset was divided into training, validation, and testing sets. The
validation set is included, because it is used for hyperparameter optimisation and feature selection processes
included in the pipeline. Details on both hyperparameter tuning and feature selection will be elaborated
upon in sections 5.3.2 and 5.3.3 respectively.

Determining the size of each dataset portion was not trivial due to the limited size of the dataset. Ideally, the
training set should be as large as possible to make sure the model can capture the patterns in the data, during
training. However, the testing set must also be large enough to ensure a reliable evaluation of the models on
unseen data. Furthermore, the validation set needs to be adequately sized to make sure that the tuning of
hyperparameters and the feature selection process are as generalizable as possible.

To balance these requirements, it was decided to use a full year (52 weeks) of data for training to capture
the seasonal impacts fully. Given the total dataset size of 116 weeks, this leaves 64 weeks to be distributed
between the validation and testing sets. The test set is assigned 40 weeks, leaving 24 weeks for the validation
set. This division of data ensures there is enough data for effective training and evaluation, aiming to optimize
the models’ accuracy and generalizability. This split of 52 weeks for training, 24 weeks for validation, and 40
weeks for testing is visualized in Figure 5.1. This figure illustrates the distribution and timeline of the data
across the different sets.

Figure 5.1: Train Validation Test Split

5.3. Model Optimisation
To optimize the performance of the models, both hyperparameter tuning and feature selection were con-
ducted. As was already mentioned in the previous section, cross-validation was employed in both of these
processes. This section will first provide a explanation of the cross-validation procedure, followed by a de-
tailed explanation of its application in hyperparameter tuning and feature selection.

5.3.1. Cross validation
Cross-validation is a technique used to evaluate the performance of a predictive model. Typically, cross-
validation involves partitioning the data into multiple subsets, training the model on a portion of the data,
and then evaluating it on the remaining data. This process is repeated multiple times, with each subset serv-
ing as the test set once. The results are then averaged to provide a good estimate of the model’s perfor-
mance [28].

In addition to model evaluation, cross-validation is also used in model optimisation, as is done in this thesis.
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Figure 5.2: Cross Validation

During this phase, the training and validation sets are used to assess the model’s performance under various
settings. The configurations that yield the best average performance across each fold are selected for the final
model setup. In this way, the parameters are adjusted to enhance model performance without overfitting
the training data. This ensures that the model generalises well to new, unseen data. After determining the
best configurations using cross-validation, the model can be retrained on the full training dataset. The final
evaluation can be performed on the test set that was not used during the cross-validation process [7].

Time series data presents a challenge for cross-validation due to its temporal nature. In traditional cross-
validation, data points are randomly shuffled and divided into folds. However, in time series data, the order
of the data points is important, as the past values of a variable are used to predict future values. Shuffling the
data would break this temporal structure, leading to inaccurate model evaluation [8]. To address this issue, a
special form of cross-validation, adapted for time series, is used. In this method, the data is sequentially split
into folds, ensuring that the order of the data points is preserved [27]. Figure 5.2 illustrates this approach,
showing the distribution of data into three folds while adhering to the temporal structure of the data.

The three folds illustrated correspond to an evaluation subset of 8 weeks each, fitting into the validation
period of 24 weeks. The project at hand requires a forecast window of 6 to 8 weeks. This makes 24 strategically
chosen as it is divisible by both 6 and 8. This allows for three folds of cross-validation with an 8-week forecast
window and four folds with a 6-week forecast window. Initially, an 8-week forecast window was selected to
provide the broadest analysis scope.

5.3.2. Hyperparameter Tuning
The hyperparameters of the models were tuned using a grid search approach. This method involves defining
a grid of hyperparameters and evaluating the model’s performance for each combination of hyperparame-
ters. The performance evaluation is done using cross-validation, as described in the previous section. The
hyperparameters that were tuned for XGBoost and LightGBM, Prophet, Huber Regressor and Ransac Regres-
sor. The Ordinary Least Squares Regressor and the Theil-Sen regressor do not require hyperparameter tuning.
Sarimax does have hyperparameters that are very important for accurate model performance, however with
the choice for the auto Arima implementation, the hyperparameters are automatically tuned.

The parameter grids that were used for each model are overviewed in Appendix C. The grid was chosen based
on the model’s characteristics and the hyperparameters that are most likely to impact the model’s perfor-
mance. The small dataset size was also an important factor in defining the grid. Multiple values for each
hyperparameter were selected to cover a wide range of values for each hyperparameter, allowing for a com-
prehensive search of the hyperparameter

5.3.3. Feature Selection
Feature selection refines machine learning models by identifying the most relevant subset of features within
set of available features. It reduces the dimensionality of the data, which can decrease the computational cost
and improve the performance by removing irrelevant or redundant features. Moreover, it enhances model
interpretability and helps in avoiding the curse of dimensionality, potentially leading to more robust and
accurate predictions [31].

The methods for feature selection can be divided into three categories: Filter, wrapper and embedded meth-
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ods. Filter methods assess features based on statistical measures without involving any machine learning al-
gorithms, making them fast but less tuned to specific model aspects. In contrast, wrapper methods evaluate
feature subsets based on the performance of a specific predictive model. They treat the model as a black box
and use its performance as the basis for selecting features. Wrappers typically provide better performance
than filters because they evaluate features in the context of the model. However, they are computationally
intensive and can be prone to overfitting. Embedded methods incorporate feature selection Directly into the
model training process and are usually specific to given learning machines [23].

Additionally, Hybrid methods can be employed that combine the strengths of filter and wrapper methods [31].
That is the approach chosen for this thesis. This Hybrid approach involves applying a filter method to rank
all feature subsets and then using a wrapper method on the top 25 feature sets to further refine the feature
selection. In this way, it is ensured that the chosen features are tailored to the specific model while also being
efficiently selected.

Correlation-based Feature Selection
The Correlation-based Feature Selection (CFS) algorithm serves as the filter method. It is a commonly used
method with an intuitive interpretation. The underlying principle of CFS is that an ideal feature subset should
contain features that are highly correlated with the output variable but not correlated with each other [30].
For a given feature subset S, the definition of CFS translates into the following formula [36]:

MeritsS = k · r̄c f√
k +k · (k −1) · r̄ f f

where k is the number of features in S, r̄c f is the average correlation between each feature f in S and the
output variable c, and r̄ f f is the average pairwise correlation between the features in S.

In the dataset at hand, there are a total of 21 features, including the lagged variables and the time-related
features. This gives rise to a total of 221 possible feature subsets. That is a large number of possible subsets to
evaluate, and therefore an exhaustive search is not feasible. Instead, a search algorithm is used to identify the
optimal feature subset.

Forward Selection
While there are many search strategies, there are four usual starting points for feature subset generation: for-
ward selection, backward elimination, bidirectional selection, and heuristic feature subset selection. Forward
selection typically starts with an empty feature set and then considers adding one or more features to the set.
Backward elimination typically starts with the whole feature set and considers removing one or more features
from the set. Bidirectional search starts from both sides - from an empty set and the whole set, simultane-
ously considering larger and smaller feature subsets. Heuristic selection generates a starting subset based on
a heuristic (e.g. a genetic algorithm), and then explores it further [30].

In this thesis, a forward selection algorithm is employed to identify the top 25 optimal feature subsets. The
approach is inspired by other research where CFS is also successfully combined with a forward selection [36,
32]. The forward selection process begins with an empty subset of features. It then iteratively evaluates each
of the available features by adding them to the subset and calculating the merit score using the CFS merit
score. The features are ranked based on their scores, and the top 25 are retained. For each of these top
25 features, the algorithm considers the addition of all other features. So in this case, for each of the top
25 features, the algorithm considers 20 subsets (21 features minus the one already in the top 25). For each
subset, the merit score is calculated. Based on that score, all the considered subsets are then sorted, and the
top 25 are kept. This process is repeated until all features have been considered. The result is a list of the top
25 feature subsets according to the CFS merit score. This approach ensures that the selected features are not
only individually predictive but also complementary to each other. To make the algorithm more efficient it
is ensured that the same feature subset is not considered twice. This is done by keeping track of the visited
feature subsets. The detailed implementation steps of the algorithm are outlined in Algorithm 1.

The forward selection algorithm is run twice, once for the features of time series models and once for the
features of non-time-series models. The difference is in the lagged features and time-related features that are
included for the non-time-series models but not for the time series models. The results of both runs are then
used as input for the wrapper method.
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Algorithm 1 Forward Selection for Feature Subset Selection

1: Input: X (feature set), y (target variable),
2: Output: top_25_ f eatur es (list of top 25 feature subsets)
3: avai l able_ f eatur es ← X .columns
4: top_25_mer i t s ← [(0, [])]∗25 ▷ Initialize with 25 entries of (0, [])
5: candi d ates ← [[]] ▷ Start with an empty feature subset
6: vi si ted ← []
7: while candi d ates is not empty do
8: new_candi d ates ← []
9: for each f eatur e_set in candi d ates do

10: for each f in avai l able_ f eatur es do
11: if f not in f eatur e_set then
12: new_candi d ate ← f eatur e_set + [ f ]
13: if set (new_candi d ate) in vi si ted then
14: continue
15: end if
16: mer i t ← calcul ate_mer i t (new_candi d ate, X , y)
17: if mer i t > top_25_mer i t s[−1][0] then
18: new_candi d ates.append(new_candi d ate)
19: top_25_mer i t s.append((mer i t ,new_candi d ate))
20: Sort top_25_mer i t s in descending order by merit
21: top_25_mer i t s ← top_25_mer i t s[: 25]
22: end if
23: vi si ted .append(set (new_candi d ate))
24: end if
25: end for
26: end for
27: candi d ates ← new_candi d ates
28: end while
29: top_25_ f eatur es ← [ f eatur es for (, f eatur es) in top_25_mer i t s]
30: return top_25_ f eatur es

Wrapper Method
The final stage of the feature selection comprises the evaluation of the top 25 feature subsets using a wrapper
method. The wrapper method involves training and evaluating the models using each of the top 25 feature
subsets. The evaluation is done using cross-validation, where the results over the various folds are aver-
aged. The performance of each candidate feature subset is then compared, and the subset that yields the
best performance is chosen. This process is done for each model, resulting in an optimal feature subset per
model.

5.4. Multivariate Forecasting approaches
Having established the dataset and the models, along with their optimisation, the next step is to define how
to effectively use them to predict the cost per package. This task is characterized as a multivariate time series
forecasting problem, where the target variable is predicted using a set of related variables.

5.4.1. Known and Unknown Features
Predicting future values of the target requires knowing the future values of these related variables. This poses
a challenge, as not all future values of the available variables are known at the time of prediction. Therefore,
the features are split into two categories: known features and unknown features at the time of prediction. The
known features include the lagged values of the target variable, the time-related features, and the volume fore-
cast. Although including the volume forecast may initially seem surprising, it is justified within the context
of this project. The project description explicitly states that the objective is to predict the cost per package
given the volume forecast. Moreover, The Company has established methods for accurately predicting the
volume of packages, making the volume forecast a reliable and known value for this analysis. The remaining
features are considered unknown at the time of prediction. An overview of the known and unknown features
is provided in Table 5.1.
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Known Features Unknown Features

Lag 1 cost per package Average weight
Lag 2 cost per package Average DM3
Lag 3 cost per package Volume NMG ratio
Lag 4 cost per package Hit rate
Number of delivery days Avg distance
Week number (X coordinate) Ratio forecast / realisation
Week number (Y coordinate) Diesel price
Year Inflation
Volume forecast Ratio min / max volume

Ratio Belgium
Ratio main client
Ratio international
Ratio export

Table 5.1: Overview of known and unknown features at the time of prediction.

5.4.2. Considered approaches
Based on the categorisation of known and unknown features, three different approaches to forecasting the
cost per package are considered:

1. Direct Forecasting with Multiple Variables: This approach involves forecasting the target variable di-
rectly using only the known variables as specified in Table 5.1. This method is straightforward and does
not require any additional steps to forecast the cost per package. The question is whether the known
features are sufficient to make accurate predictions of the target variable.

2. Lagged Feature Modeling: In this method, lagged versions of the features are used, meaning the fea-
tures used are historical data points relative to the time of prediction. For example with a window of 8
weeks, the features are adjusted by shifting them back by 8 weeks. Consequently, for a forecast of the
window spanning from t = 0 to t = 8, the features will range from t = −8 to t = −1. By using lagged
versions of the features, this technique allows for the use of all available features to predict the target
variable, without the need to forecast any of the features.

3. Hybrid Forecasting with Feature Estimations: This approach, uses both known and unknown features
to predict the target variable. To overcome the problem of unknown features, forecasts or educated
estimates are created for the unknown features before they are used in making predictions. The model
is then trained using both these forecasted values and known historical values. However, the quality of
the feature estimations is crucial for the accuracy of the predictions.

Each of these methods was evaluated to determine their effectiveness in predicting the cost per package. Dur-
ing some initial tests, it was found that the lagged feature modelling approach underperformed compared to
the other two methods. This is likely due to the short-term fluctuations in the data, which made it challenging
to capture the underlying trends when relying on feature information that is delayed by 8 weeks. As a result,
the lagged feature modelling approach was excluded from the final analysis, leaving the Direct Forecasting
and Hybrid Forecasting methods for further evaluation.

5.4.3. Hybrid Forecasting using Historical Replay
The Hybrid Forecasting approach requires future values of predictive features to be estimated first before they
can be used for predictions. This could be a time-consuming process, as it involves creating forecasts for each
of the features. To evaluate the effectiveness of this approach without the time investment required to create
feature estimations, a historical replay technique could be employed first. This technique involves treating
a past day as if it were today, allowing forecasts to be made and evaluated from that point. Since the ’future’
data for this past day is already known, these values can serve as stand-ins for future estimations.

However, the historical replay technique does not provide an entirely accurate assessment of the hybrid ap-
proach because the true accuracy of future estimations also influences prediction quality. Nonetheless, it
establishes a maximum expected performance level for the Hybrid model., which can be compared with the
Direct Forecasting method to determine if further exploration of the Hybrid approach is useful.
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Additionally, the pipeline incorporates feature selection. If the Hybrid model shows strong performance with
a specific subset of features during the historical replay, only those features would need to be estimated for
the actual implementation. This reduces the number of features that require estimation, and thus the data
preparation process would be simplified.

5.5. Model Evaluation
The final step in the process is to evaluate the performance of the models. This section first defines the
performance metrics and then explains the walk-forward validation technique that is used to evaluate the
models. Finally, the method to gain insight into the performance of the models across different forecast
offsets is described.

5.5.1. Performance Metrics
Before proceeding with model evaluation, it is important to define the metrics that will be used to assess their
performance. Given that this project’s findings need to be explained to The Company employees, both with
and without technical expertise, only the most intuitive evaluation metrics were considered. To maintain
consistency with other forecasting projects within The Company, where the error is typically expressed in
percentages, the same approach is adopted here. Therefore, the main metric employed in this project is the
Mean Absolute Percentage Error (MAPE). MAPE is a measure of the average difference between the predicted
and actual values, expressed as a percentage of the actual value [58]. It is calculated as follows:

MAPE = 1

n

n∑
i=1

∣∣∣∣ yi − ŷi

yi

∣∣∣∣
where n is the number of observations, yi is the actual value of the target variable, and ŷi is the predicted
value of the target variable. Another metric included is the Mean Absolute Error (MAE). MAE is the average
of the absolute differences between the predicted and actual values [58]. The MAE for the cost per package
represents the error amount in euros. It is calculated as follows:

MAE = 1

n

n∑
i=1

|yi − ŷi |

5.5.2. Walk-Forward Validation
In the process of model evaluation, a technique known as walk-forward validation is employed. This method
is a specialized form of cross-validation, specifically adapted for time series data. It involves training the
model on a rolling basis, and updating the model with new data points as they become available. The process
is illustrated in Figure 5.3.

Figure 5.3: Walk-Forward Validation with an expanding window.
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In the first iteration, the model is trained on the full training set as defined in Figure 5.1. Evaluation is done on
the subsequent 8 weeks which complies with the 8-week forecast window. In the next iteration, the training
set is extended by one data point, and the model is retrained on the updated training set. Again, evaluation is
done on the subsequent 8 weeks. This process is repeated until all data points in the test set have been used
for testing. The final result is the average score over all iterations.

By using this approach look-ahead bias is avoided [63]. Look-ahead bias occurs when information that was
not available at the time of prediction is used to evaluate the model’s performance. This leads to an overesti-
mation of the model’s accuracy, as it is being evaluated on data that was not known at the time of prediction.
Additionally, this method provides a more realistic evaluation of the model’s performance, as it simulates
how the model would be used in a real-world scenario where new data points are continuously becoming
available [37].

5.5.3. Standard Error
In addition to evaluating the average performance of the models using metrics like MAPE and MAE, it’s impor-
tant to understand the uncertainty associated with these performance metrics. This uncertainty is quantified
using the standard error. The standard error provides a measure of the spread of sample means around the
population mean.

In the context of this project, the standard error helps evaluate the reliability of the average MAPE across
different folds of the walk-forward validation process. A smaller standard error indicates less variability in
the performance metrics, suggesting greater confidence in the reported average performance. Conversely,
a larger standard error implies more variability, which decreases the reliability of the reported performance
metrics [2].

The standard error of the mean MAPE is calculated as follows:

SE = σp
n

Where σ is the standard deviation of the MAPE values across the folds, and n is the number of folds. This
formula shows that the standard error decreases as the number of folds increases, assuming the standard
deviation remains constant. This is because a larger number of folds provide more data points for the calcu-
lation of the average MAPE, leading to a more accurate estimate of the true performance [2].

5.5.4. Significance Testing
Significance testing is used to determine whether differences in model performance are statistically signifi-
cant. As explained in Section 5.5.2, model performance is expressed as the average score across the folds of
walk-forward validation. This means that comparing the results of two models means checking if the means
of two groups are significantly different. Two common methods for this purpose are the paired t-test and
the Wilcoxon signed-rank test. Both tests are appropriate when dealing with paired measurements. Paired
measurements occur when the same subjects are measured under different conditions, or when two related
measurements are taken from the same subjects [44]. In the context of walk-forward validation, the first sce-
nario applies. The folds of the walk-forward validation serve as the subjects, and the performance scores of
the models on these folds are the measurements being compared. The specifics and implementations of each
test are further detailed in the following sections.

Paired t-test
Besides the assumption of paired samples, the paired t-test requires the differences between the paired ob-
servations to be normally distributed and the observations to have equal variances [39]. To check for the
normality of the differences, the differences between the scores of the two models are calculated for each
fold. Then, the Shapiro-Wilk test, a well-known test for normality, is applied to these differences. The test
has the null hypothesis that the data is normally distributed and the alternative hypothesis that the data is
not normally distributed [20]. A common test to check for equal variances is Levene’s test. This test has the
null hypothesis that the variances are equal, while the alternative hypothesis is that the variances are not
equal [40]. In case the assumptions are met, then the paired t-test can be used to compare the models. The
calculation is as follows:
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t = d̄

sd /
p

n

where d̄ is the mean of the differences between paired observations, sd is the standard deviation of the dif-
ferences, and n is the number of pairs. The test statistic t is then compared to a critical value from the t-
distribution to determine whether the difference in performance is statistically significant [39].

Wilcoxon Signed-Rank Test
If the assumptions for the paired t-test are violated, the Wilcoxon signed-rank test is a suitable alternative. It
has the same purpose as the paired t-test but has less strict assumptions. The assumptions include an ordinal
scale and symmetry of the differences.

The ordinal scale assumption requires that the data be measured at an ordinal level, meaning it can be ranked.
Given that the average MAPE is a numerical value, which is ordinal by nature, this requirement is satisfied.
Symmetry implies that the differences between the paired observations are symmetrically distributed around
the median. While this is less strict than normality, it still requires the distribution of differences to be roughly
symmetric. Visual inspection using a histogram and a box plot can be used to check for symmetry. Addi-
tionally, the skewness of the differences can be calculated to verify symmetry. A skewness near zero indi-
cates symmetry. The latter method is used in this project to be able to express the symmetry in a numerical
value.

The Wilcoxon signed-rank test is calculated through a series of steps. First, the differences between the paired
observations are computed, and the absolute values of the differences are ranked based on their absolute val-
ues. Next, the signs are reintroduced to the ranks according to the sign of difference. So if the difference orig-
inally was negative, the rank will be assigned a negative sign. Then, the W-statistic is calculated by summing
the ranks for positive differences and for negative differences separately. Finally, the W-statistic is compared
to a critical value from the Wilcoxon signed-rank distribution to determine if the difference in performance
is statistically significant [38].

Testing Procedure
Each time significance testing is performed, the assumptions of the paired t-test are first checked. If these
assumptions are met, the paired t-test is used. If the assumptions are violated, the Wilcoxon signed-rank
test is used, with the skewness value also reported ensuring validity. This approach ensures that the most
appropriate test is used for each comparison and that the results are reliable.

The Scipy1 package was used to implement the assumptions and the tests. Scipy provides reliable and
well-documented functions that are easy to implement and is widely used in scientific communities. The
Shapiro-Wilk test, Levene’s test, and skewness are calculated using the shapiro, levene, and skew functions,
respectively. The paired t-test and the Wilcoxon signed-rank test are performed using the ttest_rel and
wilcoxon functions. These functions output a test statistic and a p-value, which is compared to a significance
level of 0.05 to determine if the difference in performance is statistically significant.

For both tests, the null hypothesis is that there is no difference in performance between the models. For the
alternative hypothesis, there are two options. Either the models perform differently, which requires a two-
sided test, or one model performs better than the other, which requires a one-sided test. Since it is more
relevant in this context to determine if one model outperforms the other, a one-sided test is used. Therefore,
the p-value should be less than 0.05 to conclude that one model performs better than the other.

5.5.5. Forecasting Window and Offset Analysis
Initially, the models are assessed using an average score over a forecasting window of eight weeks. However,
it is interesting to understand the models’ performance across various forecasting offsets within those eight
weeks. This understanding is necessary to find out if there is a big difference between various offsets and
if a different forecasting window could yield better results. To do this the model’s performance is evaluated
across different forecast offsets. This implies that when a prediction is made at t = 0 for the next eight weeks,
i.e., for t = 1 through t = 8, the performance of the model is evaluated individually for each forecast offset.

1https://docs.scipy.org/doc/scipy/

https://docs.scipy.org/doc/scipy/


5.5. Model Evaluation 32

This was done for each fold in the walk-forward validation process. Then, the average performance score is
computed, resulting in an average score per forecasting offset.

To ensure a fair and reliable evaluation, the first and last seven data points of the test set were excluded
from this calculation. This was necessary because these data points do not have performance measurements
across all forecast offsets. For instance, the first data point in the dataset is only evaluated in the first fold of
the walk-forward validation before it transitions into the training set for subsequent folds.

This is illustrated in Table 5.2, which represents the case for a forecasting window of 4 weeks with a walk-
forward validation of 7 folds. In the table, the letters a to j represent the data points in the test set, the rows
represent the folds in the walk-forward validation, and the columns represent the forecast offsets.

Offset 1 Offset 2 Offset 3 Offset 4

Fold 1 a b c d
Fold 2 b c d e
Fold 3 c d e f
Fold 4 d e f g
Fold 5 e f g h
Fold 6 f g h i
Fold 7 g h i j

Table 5.2: Data Points Per Fold With a Forecasting Window of 4

It can be observed that only the data points d , e, f , and g are evaluated for all forecast offsets. Including
the other data points in the evaluation would make the comparison between the various offsets unfair, as
different data points would be included in the calculation of the average score for each offset. Moreover, it
could introduce bias, as some data points might inherently be easier or more difficult to predict. Therefore,
the first and last three data points (a, b, c, h, i , and j ) would be excluded from the calculation of the average
score per forecasting offset in this example with a forecasting window of 4 weeks. To translate this to the eight-
week forecasting window, the first and last seven data points would be excluded from the calculation.



6
Results of Forecasting

This chapter outlines the performance results of the forecasting models for both Direct Forecasting and Hy-
brid Forecasting. The analysis begins with results of a naive method, establishing a baseline for comparison.
Next, the models are trained and evaluated in detail, providing insights into their performance across various
aspects, thereby improving the understanding of their effectiveness.

6.1. Naive Method

Figure 6.1: Naive Method Results

To establish a reference point for the models’ performance and provide
a benchmark for comparison, a Naive method is defined. Naive meth-
ods are simple and do not require any training, helping to determine the
minimum performance that the models should achieve to be considered
effective. Three methods were considered as the Naive Method.

• Total Average: The average value of the cost per package of the
training set as the prediction for the next 8 weeks.

• Last Value: The last known value of the cost per packages as the
prediction for the next 8 weeks.

• Moving Average: The average of the last four weeks as the predic-
tion for the next 8 weeks, informed by the autocorrelation analysis
in Section 4.1.2.

The results of these naive methods are presented in Figure 6.1. The MAPE
for each method is calculated, and the average score across all folds in the
walk-forward validation is displayed. The results show that the moving av-
erage method has to lowest MAPE and the smallest standard error. There-
fore, this method is used as the baseline for the models and is referred to
as the Naive Method from now on.

6.2. Results without Optimisation
Following the establishment of the Naive Method, the models were trained using default hyperparameters
and all available features. These results provide a reference point, allowing to monitor progress and assess
the impact of subsequent optimisation steps on the models’ performance. Again, the models were evalu-
ated using the walk-forward validation with a forecasting window of 8 weeks. The Mean Absolute Percentage
Error for each model is calculated, and the average score across all folds in the walk-forward validation is
displayed in Figure 6.2. The error bars represent the standard error of the mean of the folds. The figure pro-
vides an overview of the relative performance of the various models for both Direct and Hybrid Forecasting,
intending to compare models within each method. Comparison between the methods will be addressed in
Section 6.5.

33
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Figure 6.2: Unoptimized Results

The results show that the Prophet model performs best in Direct Forecasting, with an average MAPE of 0.0360.
Whereas, LightGBM performs best in the Hybrid Forecasting with an MAPE of 0.0304. In contrast, Neural
Prophet performs the worst with a score of 0.0572 and 0.0501 respectively. This is expected as the Neural
Prophet model is more complex and requires more data to perform well. Besides Neural Prophet, the Theil-
Sen and Ransac regressors have a higher average MAPE than the Naive method in Direct Forecasting. In Hy-
brid Forecasting, only Neural Prophet and Ransac underperform in comparison to the Naive method.

To assess the significance of these results, significance testing was performed using the scores per fold of the
walk forward validation for each model. The null hypothesis is that the average MAPE is equal to the average
MAPE of the Naive method, while the alternative hypothesis is that the average MAPE is lower. The results
of the significance testing for both Direct and Hybrid Forecasting can be found in Appendix A.1. It turns out
that for both Direct and Hybrid forecasting, the Huber regressor is the first model that performs significantly
better (p < 0.05) than the Naive method. This means that so far for Direct Forecasting only four models are
significantly better than the Naive method, and for Hybrid Forecasting six models are significantly better than
the Naive method.

6.3. Results after Optimisation
Hyperparameter tuning and feature selection were applied for model optimisation. Both these processes
require cross-validation, as described in Section 5.3.1. This also means that both processes are interdepen-
dent: hyperparameter tuning is performed using the optimal feature subset identified by the feature selection
process, and vice versa. To overcome this circular dependency, the optimisation process was split into two
iterations:

• Iteration 1: Feature selection using models with default parameters, followed by hyperparameter tun-
ing using the optimal feature subset identified.

• Iteration 2: Repeating feature selection with the optimized models from the first iteration, followed by
another round of hyperparameter tuning.

The results of feature selection and hyperparameter tuning did not change much between the first and second
iteration. To avoid overfitting on the validation set, it was chosen not to perform a third iteration. The opti-
mal parameters and features identified in the second iteration can be found in Appendix B and Appendix C
respectively. These parameters and features were then used to evaluate the models using the walk-forward
validation technique. The results are shown in Figure 6.3. The average MAPE across all folds in the walk-
forward validation is displayed for each model. To maintain consistency with the unoptimized results, the
y-axis is scaled to match the range of the unoptimized results.

The results show a shift in the best-performing models as compared to the unoptimized models. The Least
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Figure 6.3: Optimized Results

Squares model now performs best in both Direct Forecasting and Hybrid Forecasting with an average MAPE
of 0.0289 and 0.0294 respectively. For Direct Forecasting, this reflects an improvement of 0.071 percentage
point difference of the best-scoring model compared to the unoptimized results. For Hybrid Forecasting, the
improvement is 0.010 percentage points. Neural Prophet still performs the worst in both Direct and Hybrid
Forecasting, with an average MAPE of 0.0539 and 0.0467 respectively.

6.3.1. Evaluating Model Improvements Over the Naive Method
The Naive method is second to last in both Direct and Hybrid Forecasting. Similar to the unoptimized models,
significance testing was performed to determine which models significantly outperformed the Naive method.
Detailed results can be found in Appendix A.2.

The results indicate that for both Direct and Hybrid forecasting, the XGBoost model is the first model that
performs significantly (p < 0.05) better than the Naive method. In the context of Direct Forecasting, this
implies that alongside Neural Prophet, Theil-Sen and LightGBM also fail to show a significant improvement
over the Naive method. Similarly, in Hybrid Forecasting, this holds for the Theil-Sen, Ransac, and Sarimax
models. Although the average MAPE for each of these models is lower compared to the Naive Method, the
error bars reveal larger standard errors. This indicates higher uncertainty in the results, which explains why
the significance tests do not show significance (p > 0.05).

However, still more methods showing significant results compared to the unoptimized models. Now, for
Direct Forecasting six instead of four models are significantly better than the Naive method. For Hybrid Fore-
casting, six models remain significantly better than the Naive method.

6.3.2. Comparative Analysis of Best Performing Models
Additionally, significance testing was conducted to compare the performance of the best-performing models,
as multiple models have similar average MAPE. Least Squares is the best-performing model, therefore the
scores of this model form the basis of comparison. For each model, the null hypothesis of an equal average
MAPE with Least Squares is tested against the alternative hypothesis that the average MAPE of Least Squares
is lower. Details of this testing can be found in Appendix A.3.

For Direct Forecasting, the results show that the performance of the Least Squares model is not significantly
(p > 0.05) different from that of the Prophet, Ransac, and Huber models. In Hybrid Forecasting, even more
models are not significantly different from the Least Squares model, including XGBoost, LightGBM, Prophet,
and Huber.
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6.4. Effectiveness of Model Optimisations
To gain insight into the effectiveness of the model optimisations, the results of the optimized models are
compared to the baseline results in Figure 6.4. This is shown in Figure 6.4 where for each model the blue bars
are for the direct forecasting method and the orange bars for the hybrid forecasting method. The plot on the
bottom shows the difference to provide an easy way to see the difference. This figure reveals that for almost
all models, the MAPE was at least slightly reduced after optimisation. The only two exceptions are Theil-Sen
and LightGBM in Hybrid Forecasting.

Significance testing was used to determine whether the optimisations led to a statistically significant im-
provement. The null hypothesis states that the optimized and unoptimized models have equal performance,
while the alternative hypothesis states that the average MAPE of the optimized models is lower. Detailed
results are presented in Appendix A.4. No significant improvement (p > 0.05) was found for any model in
Hybrid Forecasting. However, in direct forecasting the effect was larger as the top four performing models
plus Theil-Sen showed significant improvement (p < 0.05).

Figure 6.4: Unoptimized vs Optimized Results

6.5. Direct vs Hybrid Forecasting
The last comparison to be made is between the two different forecasting approaches: Direct and Hybrid. This
analysis is supported by Figure 6.5, which compares the two approaches for each model and displays their
differences. At first glance, the differences seems small, especially for the best-performing models.

Again, significance testing was conducted to determine if there is a significant difference between the ap-
proaches. This time, the null hypothesis of equal MAPE for models trained using the hybrid and direct ap-
proaches, was tested against the alternative that the hybrid forecasting method is significantly better. The
results in Appendix A.5 show that only for Neural Prophet and LightGBM, the hybrid forecasting is signifi-
cantly better (p < 0.05). However, for most models, particularly the best-performing ones, the differences are
minimal with Direct Forecasting sometimes performing better.

As explained in Section 5.4, in the current evaluation, the features are known since a historical replay is per-
formed. When forecasting into the future, the unknown features in the optimal feature subset would need to
be estimated, adding an extra margin of error. Given that the differences are minimal, the hybrid forecast-
ing methods will likely decrease in performance due to this additional error. This suggests that these models
do not benefit from the additional features provided in the Hybrid setup. Therefore, the Direct Forecasting
method is the preferred approach.
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Figure 6.5: Comparison of the Direct and Hybrid Forecasting Approaches after Optimisation

6.6. Results Per Offset
In the analysis performed so far, an eight-week forecasting window was used. To gain insight into the perfor-
mance of the models across different forecast offsets, the performance of the models was evaluated for each
forecast offset. This is done using the methodology described in Section 5.5.5. Since Direct Forecasting was
determined to be the preferred method in the previous section, this analysis focuses only on this approach.
The results are shown in Figure 6.6.

Most models show an increasing trend in MAPE as the forecasting window extends, which is expected since
forecasts further away are intuitively harder to make. This increase is most apparent in the first five models
from left to right. However, the last four models, which have the highest average scores, display a different pat-
tern. They show similar performance across all offsets and, in some cases, even a decrease in MAPE.

Figure 6.6: Average Score per Forecast Offset For Direct Forecasting



6.7. Analysis of High Forecast Errors 38

6.7. Analysis of High Forecast Errors
To inspect the quality of forecasts in a detailed way, it is useful to look at cases where the errors are the highest
and understand why this occurs. In Appendix D a full overview is provided of the predictions per iteration in
the walk forward validation of the Least Squares model in Direct Forecasting. Figure 6.7 shows the forecasts
for four iterations specifically chosen because they had a peak in MAPE for one week.

Week 52 of 2023 is consistently forecasted with a high error across these iterations. The actual value even
falls outside the 95% prediction interval, which is the only instance of this happening. Upon inspecting the
data, the only unusual finding was a very low volume, which was the minimum volume recorded in the entire
dataset. This low volume can be explained by the holidays during that week, as both Christmas and New
Year’s where then.

This should ideally be captured by the feature num delivery days, but since this is a very specific time period
occurring only once a year, it was probably not adequately accounted for.

Figure 6.7: Four Iterations of Walk Forward Validation with a High Error

6.8. Feature Importance
To build on the analysis in Chapter 4, feature importance can be used to evaluate the impact of various fea-
tures on the predicted cost per package. Feature importance refers to assigning scores to input features based
on their contribution to predicting the target variable [45]. This measure indicates how significant each fea-
ture’s influence is on the cost per package, with higher importance linked to a stronger relationship.

As the features of interest are only used in the hybrid forecasting method, the best-performing models in that
approach will be evaluated for feature importance. In hybrid forecasting, the top five performing models are
Least Squares, Huber Regressor, Prophet, LightGBM, and XGBoost. All these models, except for Prophet, have
built-in methods to assess feature importance. Therefore, only the importance of the models with such a
method is evaluated, as comparing four models should be sufficiently informative.

For the linear models Least Squares and Huber Regressor, feature importance is expressed as the absolute
value of their coefficients. Since linear regression learns a linear function, the coefficient indicates how much
a specific feature contributes to the final result [45]. As each feature is preprocessed to be scaled between
zero and one, the comparison between the coefficients is fair.

Additionally, the two boosting models, XGBoost and LightGBM, have their own mechanisms for calculating
feature importance. XGBoost’s feature importance is based on the frequency and quality of splits that each
feature contributes across all trees in the model [12]. Similarly, LightGBM assesses feature importance by
evaluating the number of times a feature is used in splits and the associated information gain, effectively
capturing the feature’s contribution to improving model accuracy [34].

When evaluating feature importance in this thesis, an important consideration is that the models are re-
trained in each iteration of the walk-forward validation. This implies that feature importance will vary over
the iterations. To evaluate the feature importance measured over the iterations, a score per iteration was ob-
tained, and the results are shown as a line plot. The plot highlights the changes in feature importance over the
iterations and provides a relative comparison between the models. The relative comparison is more relevant
in this case than the actual values of the importance.

Figure 6.8 presents the feature importance scores for all the models. Note that the optimized models are used,
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and thus feature selection was already incorporated, resulting in different features per model in the plot.
The importances of forecast realisation ratio and volume forecast are highlighted as these two features were
identified as having significant relationships in Chapter 4. For the linear models Least Squares and Huber
Regressor, these two features are the top features. For LightGBM, the volume forecast has an average score
compared to other features, while the forecast realisation ratio has the highest importance. For XGBoost, both
features rank a bit above average.

For all models, the feature ranking based on importance remains approximately constant over time, indicat-
ing that the relative importance compared to other features remains consistent. Thus, it can be concluded
that feature importance confirms the relevance of forecast realisation ratio and volume forecast for the cost
per package.

Regarding the other features, no consistent conclusion can be drawn about their impact. Many features have
scores close to zero or vary in their importance between the various models.

Figure 6.8: Feature importance for Each Iteration of the Walk Forward Validation
* The importance scores of LightGBM were adjusted by a factor of 1/250 to align them with the range of XGBoost. Since the focus is on

the relative comparison of the models rather than the actual values, this approach is deemed appropriate.
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Discussion and Integrated Analysis

This chapter interprets the forecasting results, addresses limitations, and integrates insights from data analy-
sis and feature importance to identify the key factors influencing the cost per package at The Company.

7.1. Interpretation of Forecasting Results
First an interpretation of the performance of the eight selected forecasting models is provided, comparing
their accuracy and highlighting key observations.

7.1.1. Summary of Key Findings
The Least Squares model had the lowest scores after optimization with an average MAPE of 0.0289 and 0.0294
for Direct and Hybrid Forecasting respectively, This score is comparable to error margins for other forecasts
within The Company. Moreover, with the volatility of the cost per package and the fact that it is prone to be
influenced by one time events that are hard to capture in the model, this is considered a good result.

The Least Squares model was not the only one with good results; multiple models performed similarly in
both forecasting approaches. Interestingly, many of these models are linear. Their strong performance is
likely due to the simplicity of linear models, which makes them less prone to overfitting on small datasets.
Besides the linear models, Prophet also performed well in both approaches, proving its usefulness in time
series forecasting on small datasets.

In the comparison for Direct and Hybrid Forecast in Section 6.5, direct forecasting was chosen as the pre-
ferred method, leaving four similarly performing models are now to be chosen from: RANSAC Regressor,
Huber Regressor, Prophet, and Least Squares. This similarity in performance requires additional consider-
ations beyond model scores to choose a best model. This could be an advantage, as factors such as ease
of implementation can also be considered when selecting the most suitable model for The Company. Given
that The Company uses Excel extensively, there is an incentive to choose Linear Regression. As this model also
has the lowest average error, it seems an appropriate choice that balances model accuracy and practicality of
implementation.

7.1.2. Significance Testing
Significance testing was used in every comparison for performance improvement. For example, in Section 6.3
it was shown that most models outperform the Naive methods, and thus it can be concluded that the fore-
casting efforts provide useful additional information over naive methods.

However, when evaluating the effect of optimisation in Section A.4 it was observed that it was not always as ef-
fective. Especially for hybrid forecasting none of the models displayed significant improvement compared to
their unoptimized versions. A possible explanation could be attributed to the feature selection process. This
process first selects 25 subsets based on the heuristic for Correlated Feature Selection, Then, cross-validation
is performed to determine which of these feature subsets works best. For hybrid forecasting, many features
are available as both the known and unknown features are included, resulting many possible feature subsets.

40
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The preselection with CFS only selects 25 subsets, potentially excluding a very good subset. This makes the
optimization less effective. For direct forecasting, this problem does not occur as fewer features are available
and thus fewer feature subsets can be chosen from. The majority of the possible subsets are evaluated using
cross-validation.

The observation in Section 6.5 that hybrid forecasting generally does not outperform direct forecasting, might
be related to this issue. As the full set of features available for Direct Forecasting is a subset of the available
features for Hybrid forecasting, It should be possible for the Hybrid Approach to at least perform as good
since the same settings applied for Direct Forecasting could be selected. However again the preprocessing
step in the feature selection causes that this is not possible, explaining why in some case Hybrid Forecasting
underperforms as compared to Direct Forecasting.

Another feature selection approach could have resulted in better performance of the Hybrid method. How-
ever, even if this leads to higher accuracy on the test set it must be noted that hybrid forecasting uses features
that are unknown in the future and require an estimation. As this analysis was done on historical data, the es-
timations did not have to be made yet. This implies that the extra error margin that will be introduced by the
estimations is not included yet. So, even if another feature selection approach would lead to better accuracy
on this historical data, it is unlikely that Hybrid Forecasting will have higher accuracy when it includes the es-
timated features. Therefore, the Direct Forecasting is reliably chosen as the preferred approach and the effect
of the limitations of feature selection is not expected to have changed the outcome of this research.

7.1.3. Error Analysis
Analysis was also done into the errors in the forecasting models to understand their performance over varying
forecasting offsets and their response to anomalies.

Generalisation and Forecasting Offset
In Section 6.6 it was observed that for the most models the average MAPE increases with the forecasting offset.
However, the four best performing models this pattern was not observed. Their average MAPE remained
consistent or even decreased for the forecast offset that are further away.

One potential reason for this could be related to the inclusion of lag features. When looking at the optimal
feature sets in Table B.1 in Appendix B all these models have lagged values of the cost per package in their
optimal feature set. During the autocorrelation analysis in Section 4.1.2, it was observed that lag values up
to 4 weeks are informative to the cost per package. After four weeks, these lag values are not informative,
introducing extra randomness. This additional randomness during training might help the models generalise
better to unseen data, resulting in relatively stable or even improved performance in the last few offsets for
the last four models. However, this is an educated guess and is not confirmed.

What is sure, it that for the best performing models the forecast window of eight works well and there is
no reason to decrease it. Increasing the forecast window is also unnecessary, as The Company specifically
requested a maximum forecasting window of eight weeks.

Anomalies
Finally, one case was highlighted with high error is Section 6.7, which was attributed to low volume due to
a special week with Christmas and New Year. This finding suggests that the models struggle to capture such
rare events, indicating a potential area for improvement in handling anomalies.

7.1.4. Data Limitations
The current analysis, based on 118 weekly data points, has offered valuable insights. However, due to the
weekly data points, averages have to be taken over multiple packages and days. This averaging may limit the
informativeness of individual features and potentially discard more subtle relationships. By adding more
granularity, a more nuanced understanding of the factors influencing the cost per package could be ob-
tained.

Additionally, a larger and more granular dataset could offer multiple advantages in forecasting. First, it would
likely improve model accuracy by providing a larger training and validation set. This would allow models to
better capture underlying patterns and relationships within the data. Second, a larger dataset could enable
the use of more complex models that are less prone to overfitting. Such models might be better equipped
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to capture data volatility and potentially even account for anomalies. Furthermore, the models that are cur-
rently best-performing could likely benefit from additional data to refine their predictions.

Finally, a larger sample size would enhance the statistical power of comparisons between models and meth-
ods. As statistical tests are sensitive to sample size, a larger dataset could reveal significant differences that
were not detectable in the current analysis. This would provide more evidence for model selection and opti-
mization decisions, ultimately leading to more accurate and reliable cost forecasts.

7.2. Model Implementation within The Company
To bring the findings of this thesis into practice, the forecasting model should be implemented and put into
production for effective use by The Company.

In the previous experiments it was concluded that the Least Squares model is the preferred choice over the
other models. This is beneficial since a linear regression model can be conveniently implemented in Excel
and given that Excel is often used within The Company for dashboards and data storage, implementing the
model in Excel aligns with existing workflows. The model will be integrated into an existing dashboard where,
for example, the volume forecast is also presented. Detailed instructions were provided on how to add the
required data, and one person was made responsible for keeping the data up to date and monitoring the
quality of the forecast.

The practical implementation is similar to the example iterations of the walk-forward validation shown in
Figure 6.7, including the forecast and the 95% prediction interval. To provide insights into past predictions
and compare them to actual values, users can select a specific period to display. If the selected period is in
the past, the actual values will also be provided.

The model will be retrained for every new forecast created. To ensure this process is user-friendly, automatic
training is triggered once all the required data is added. Additionally, documentation was created to provide
users with a reference in case of questions. With this implementation in Excel, the goal is to make the fore-
cast easy to access and use, increasing the chances of adoption by users familiar with Excel and the existing
dashboard.

7.3. Integrated Analysis of Feature Importance and Key Drivers
This section integrates the findings from the key driver analysis in Chapter 4 with the feature importance
assessment in Section 6.8 to combine their insights on the key factors influencing the cost per package.

The data analysis consisting of Correlation Analysis, Granger Causality, and LPCMCI, identified three poten-
tial key drivers: average DM3, volume, and forecast realization ratio. The strongest evidence was found for
volume, as all three tests highlighted its importance. Similarly, the forecast realisation, was also consistently
identified as important through Granger Causality and LPCMCI. Although average DM3 had a significant re-
sult in Granger Causality and a strong correlation, its significance was considered slightly weaker due to the
exploratory nature of the correlation analysis.

To complement the data analysis, feature importance was assessed in the best performing models of hy-
brid forecasting, being Least Squares, Huber Regressor, XGBoost, and LightGBM. The feature selection was
evaluated on the models after optimization, thus only the optimal feature subsets have results in this case.
Average DM3 was not part of the optimal feature subsets for any of these models, suggesting it might not
be a key driver for forecasting. However, considering the critical evaluation of feature selection methods in
Section 7.1.2, a definitive conclusion about average DM3 cannot be drawn based on this analysis.

The feature importance analysis confirmed the importance of forecast realisation ratio and volume forecast
as key drivers. In the linear models (Least Squares and Huber Regressor), these features achieved the highest
importance scores, validating their significance in predicting the cost per package. In the boosting models
(LightGBM and XGBoost), the difference was less obvious but both features consistently ranked high in im-
portance.

Integrating the findings from the data analysis and forecasting models reveals an alignment between the
key drivers identified. The forecast realisation ratio and volume forecast consistently appeared as key factors
across all analytical methods.
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The relationship of forecast realisation ratio with the cost per package is positive, meaning it occurs when
the forecast volume exceeds the actual volume, leading to higher costs per package. This is relevant as the
analysed data mainly consists of overestimated forecasts. Conversely, the impact of underestimated forecasts
is less apparent in the data. However, underestimating volume can result into expensive last-minute solutions
which also impacts the cost negatively, again highlighting the importance of accurate forecasts.

The relationship with volume is negative suggests the presence of economies of scale. This implies that as
volume increases, the cost per package decreases due to operational efficiencies and reduced fixed costs per
packages.

It is important to acknowledge that this thesis primarily focused on factors with a consistent impact on cost
and those measurable by the selected methods. Other factors like specific events might also contribute to cost
fluctuations, but these are not accounted for. Additionally, alternative analytical approaches could have po-
tentially highlighted different features. However, the combination of three data analysis methods and feature
importance assessment aims to mitigate model-specific biases and offer a comprehensive analysis.



8
Conclusion

This thesis investigated the drivers of cost per package at The Company and developed a forecasting model to
predict these costs accurately. By creating a consistent definition of the cost per package and combining data
analysis with machine learning techniques, this research provided actionable insights and a practical tool for
cost forecasting while also contributing to the broader field of time series analysis and forecasting in logistics
through its comparative study of various models and techniques.

8.1. Summary of Key Findings
The study identified volume and forecast realisation ratio as the most significant drivers of cost per package.
These findings were consistent across multiple analytical methods, including correlation analysis, Granger
causality tests, and LPCMCI, as well as feature importance assessments in the best-performing forecasting
models. The alignment of these results hightlights the importance of the impact of these factors. Additionally,
the Least Squares model was found to be the most suitable forecasting model for The Company, balancing
accuracy with ease of implementation into an existing dashboard in Excel.

8.2. Recommendations for The Company
Based on the findings of this thesis, the following recommendations are made:

• Improve Volume Forecasting Accuracy Given the influence of the quatlity of the volume forcast on
costs, improving the accuracy of volume forecasts should be a primary focus.

• Optimize Data Collection and Documentation Gathering daily data instead of weekly averages could
provide insights into more subtle relationships and enhance model performance. Additionally, proper
documentation of the data will help future analyses and reduce the time required for data preparation.

• Establish Model Monitoring Continuous monitoring of the implemented model is required to evaluate
its performance in production and identify any potential issues. To ensure the model remains relevant
and maximize the value of the insights it provides, data must be updated weekly.

By implementing these recommendations, The Company will be able to make more informed decisions re-
garding operational planning, ultimately improving cost efficiency.

8.3. Limitations and Future Research
The main limitation of this thesis is in the size and granularity of the dataset. A larger, more granular dataset
could potentially lead to additional insights, improve forecasting accuracy, and increase the statistical power
of comparisons. Future research should look into creating and analyzing such a dataset to further refine the
understanding of cost drivers and forecasting models.

Additionally, the current analysis focusses on factors that are of general impact. Specific or one-time events
were not explicitly accounted for, but were found to influence cost. Future studies could explore these factors
to better understand their impact on costs and the quality of the forecast.
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A
Significance Testing

A.1. Unoptimized Models and the Naive Model

Model Normality Variance Test Skew Result

Neural Prophet 0.095 0.238 T - 1.000
Theilsen 0.481 0.797 T - 0.103
Ransac 0.206 0.549 T - 0.778
Lightgbm 0.406 0.520 T - 0.084
Xgboost 0.132 0.295 T - 0.422
Huber 0.984 0.473 T - 0.067
Sarimax 0.512 0.696 T - 0.058
Least Squares 0.871 0.245 T - 0.018**
Prophet 0.108 0.048** W -0.274 0.004**

Table A.1: Direct Forecasting

Model Normality Variance Test Skew Result

Neural Prophet 0.174 0.316 T - 0.966
Ransac 0.027** 0.243 W 0.896 0.391
Sarimax 0.017** 0.047** W 0.542 0.179
Huber 0.680 0.146 T - 0.013**
Xgboost 0.569 0.673 T - 0.000**
Prophet 0.057 0.535 T - 0.003**
Theilsen 0.551 0.507 T - 0.009**
Least Squares 0.592 0.384 T - 0.005**
Lightgbm 0.472 0.964 T - 0.000**

Table A.2: Hybrid Forecasting
** test statistic is significant at the 5% level. Condition is met Significant improvement over the Naive Method.

The table shows the results of the significance tests for significant improve of the MAPE of the unoptimized models as compared
to the naive methods. First Normality and Variance are tested. If the conditions are met, a T-test (T) is performed. Otherwise, a
Wilcoxon (W) test is performed and skew is reported. The models are ordered by average MAPE.

A.2. Optimized Models and the Naive Model

Model Normality Variance Test Skew Result

Neural Prophet 0.119 0.692 T - 0.999
Theilsen 0.035** 0.360 W 0.449 0.215
Lightgbm 0.310 0.985 T - 0.110
Xgboost 0.887 0.808 T - 0.018**
Sarimax 0.568 0.582 T - 0.040**
Ransac 0.482 0.015** W -0.384 0.000**
Huber 0.634 0.019** W -0.342 0.000**
Prophet 0.701 0.135 T - 0.001**
Least Squares 0.148 0.009** W -0.673 0.000**

Table A.3: Direct Forecasting

Model Normality Variance Test Skew Result

Neural Prophet 0.085 0.434 T - 0.880
Theilsen 0.055 0.066 T - 0.208
Sarimax 0.059 0.070 T - 0.159
Ransac 0.138 0.447 T - 0.049**
Xgboost 0.017** 0.744 W -0.531 0.000**
Lightgbm 0.221 0.725 T - 0.006**
Prophet 0.217 0.581 T - 0.000**
Huber 0.040** 0.615 W -0.060 0.004**
Least Squares 0.026** 0.733 W -0.074 0.004**

Table A.4: Hybrid Forecasting
** test statistic is significant at the 5% level. Condition is met Significant improvement over the Naive Method.

The table shows the results of the significance tests for significant improve of the MAPE of the optimized models as compared to the
naive methods. First Normality and Variance are tested. If the conditions are met, a T-test (T) is performed. Otherwise, a Wilcoxon
(W) test is performed and skew is reported. The models are ordered by average MAPE.
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A.3. Optimized Models and Least Squares

Model Normality Variance Test Skew Result

Neural Prophet 0.363 0.011** W -0.521 0.000**
Naive 0.148 0.009** W -0.673 0.000**
Theilsen 0.009** 0.002** W -0.575 0.000**
Lightgbm 0.016** 0.036** W -1.179 0.001**
Xgboost 0.202 0.034** W -0.699 0.002**
Sarimax 0.114 0.047** W -0.294 0.038**
Ransac 0.571 0.686 T - 0.075
Huber 0.404 0.611 T - 0.101
Prophet 0.384 0.184 T - 0.403

Table A.5: Direct Forecasting

Model Normality Variance Test Skew Result

Neural Prophet 0.266 0.291 T - 0.000**
Naive 0.026** 0.733 W -0.074 0.004**
Theilsen 0.011** 0.043** W -0.541 0.010**
Sarimax 0.388 0.046** W -0.357 0.048**
Ransac 0.237 0.291 T - 0.000**
Xgboost 0.167 0.990 T - 0.068
Lightgbm 0.421 0.988 T - 0.099
Prophet 0.124 0.860 T - 0.368
Huber 0.057 0.875 T - 0.063

Table A.6: Hybrid Forecasting
** test statistic is significant at the 5% level. Condition is met Least Squares performs significantly better.

The table shows the results of the significance tests for significant improvement of the MAPE of the Least Squares models as com-
pared to the other optimized models. First Normality and Variance are tested. If the conditions are met, a T-test (T) is performed.
Otherwise, a Wilcoxon (W) test is performed and skew is reported. The models are ordered by average MAPE of the unoptimized
models Direct Forecasting.

A.4. Optimized and Unptimized Models

Model Normality Variance Test Skew Result

Neural Prophet 0.287 0.631 T - 0.405
Theilsen 0.058 0.350 T - 0.049**
Lightgbm 0.487 0.457 T - 0.924
Xgboost 0.847 0.335 T - 0.204
Sarimax 0.000** 0.938 W 1.998 0.992
Ransac 0.190 0.017** W -0.611 0.000**
Huber 0.332 0.187 T - 0.003**
Prophet 0.391 0.466 T - 0.028**
Least Squares 0.000** 0.303 W -0.569 0.000**

Table A.7: Direct Forecasting

Model Normality Variance Test Skew Result

Neural Prophet 0.557 0.950 T - 0.391
Theilsen 0.039** 0.016** W 0.362 0.889
Sarimax 0.000** 0.822 W -2.339 0.960
Ransac 0.316 0.711 T - 0.093
Xgboost 0.307 0.770 T - 0.703
Lightgbm 0.025** 0.967 W -0.961 0.950
Prophet 0.507 0.701 T - 0.391
Huber 0.254 0.252 T - 0.208
Least Squares 0.519 0.466 T - 0.565

Table A.8: Hybrid Forecasting
** test statistic is significant at the 5% level. Condition is met Optimized results are significantly better.

The table shows the results of the significance tests for significant improvement of the MAPE of the optimized as compared to unop-
timized models. First Normality and Variance are tested. If the conditions are met, a T-test (T) is performed. Otherwise, a Wilcoxon
(W) test is performed and skew is reported. The models are ordered by average MAPE.

A.5. Direct and Hybrid Forecasting

Model Normality Variance Test Skew Result

Neural Prophet 0.501 0.730 T - 0.016**
Theilsen 0.055 0.255 T - 0.349
Lightgbm 0.024** 0.937 W -0.277 0.031**
Xgboost 0.051 0.758 T - 0.066
Sarimax 0.969 0.035** W 0.230 0.657
Ransac 0.296 0.004** W -0.010 0.954
Huber 0.052 0.076 T - 0.525
Prophet 0.037** 0.299 W 0.932 0.391
Least Squares 0.022** 0.026** W -0.120 0.576

Table A.9: Direct Forecasting
** test statistic is significant at the 5% level. Condition is met Hybrid forecasting performs significantly better.

The table shows the results of the significance tests for significant improvement of the MAPE of hybrid forecasting as compared to
direct forecasting. First Normality and Variance are tested. If the conditions are met, a T-test (T) is performed. Otherwise, a Wilcoxon
(W) test is performed and skew is reported. The models are ordered by average MAPE.



B
Feature Selection

Method Selected Features Method Selected Features

Least Squares cost per package lag 1, RANSAC cost per package lag 1,
volume forecast, num delivery days,
year centred volume forecast,

week number x,
Theil-Sen cost per package lag 1, year centred

num delivery days,
volume forecast, Huber Regressor cost per package lag 1,
week number x, volume forecast,
year centred year centred

LightGBM cost per package lag 1, XGBoost cost per package lag 1,
cost per package lag 2, cost per package lag 4,
volume forecast, volume forecast,

year centred
Neural Prophet num delivery days

Prophet volume forecast
SARIMAX volume forecast

Table B.1: Results of Feature Selection for Direct Forecasting
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Method Selected Features Method Selected Features

Least Squares avg distance, RANSAC avg distance,
avg weight, avg weight,
forecast realisation ratio, forecast realisation ratio,
hit rate, hit rate,
num delivery days, num delivery days,
volume forecast, volume forecast,
volume Main Client ratio, volume Main Client ratio,
volume NMG ratio, volume NMG ratio,
year centred year centred

Theil-Sen avg distance, Huber avg distance,
avg weight, avg weight,
forecast realisation ratio, forecast realisation ratio,
hit rate, hit rate,
num delivery days, num delivery days,
volume forecast, volume forecast,
volume Main Client ratio, volume Main Client ratio,
volume NMG ratio, volume NMG ratio,
year centred year centred

LightGBM avg distance, XGBoost avg distance,
avg weight, avg weight,
forecast realisation ratio, forecast realisation ratio,
hit rate, hit rate,
num delivery days, num delivery days,
volume forecast, volume forecast,
volume Main Client ratio, volume Main Client ratio,
volume NMG ratio, volume NMG ratio,

year centred
Neural Prophet avg weight,

forecast realisation ratio, Prophet avg weight,
hit rate, forecast realisation ratio,
volume forecast, hit rate,
volume Main Client ratio, min max volume ratio,
volume export ratio, num delivery days,
volume NMG ratio volume forecast,

volume Main Client ratio,
SARIMAX avg weight, volume export ratio,

forecast realisation ratio, volume NMG ratio
hit rate,
min max volume ratio,
num delivery days,
volume forecast,
volume Main Client ratio,
volume NMG ratio

Table B.2: Results of Feature Selection for Hybrid Forecasting



C
Hyperparameter tuning

Grid Specification Results

Model Parameter Options Hybrid Method Direct Method

RANSAC Max Trials 50, 100, 200 50 100
Min Samples 0.1, 0.2, 0.5 0.1 0.5
Loss Absolute Error, Squared Error Squared Error Absolute Error
Residual
Threshold

0.1, 0.3 ,0.5, 1.0 0.1 0.1

Huber Regressor Epsilon 1.35, 1.5, 1.75, 2.0 2.0 2.0
Max Iterations 100, 200, 500 100 100
Alpha 0.0001, 0.001, 0.01 0.0001 0.0001
Tol 1e-05, 1e-04, 1e-03 1e-05 1e-05

LightGBM Max Depth 3, 4, 5 3 3
N Estimators 50, 100, 200 50 50
Learning Rate 0.01, 0.05 0.05 0.01
Num Leaves 15, 31 15 15
Subsample 0.8, 0.9 0.9 0.9
Subsample Freq 1, 3, 5 5 3

XGBoost Max Depth 3, 4, 5 3 3
Learning Rate 0.01, 0.05, 0.1 0.1 0.1
N Estimators 50, 100, 200 50 50
Colsample Bytree 0.3, 0.5, 0.7 0.3 0.7
Alpha 0, 5, 10 0 0

Prophet Changepoint Prior
Scale

0.001, 0.01, 0.1, 0.5 0.01 0.01

Seasonality Prior
Scale

0.01, 0.1, 1.0, 10.0 0.01 0.01

Neural Prophet Learning rates 0.001, 0.01, 0.1 0.01 0.1
Batch Size 4, 8, 16 8 8
Epochs 100, 200, 300 200 200

Table C.1: Parameter Grid and for Hyperparameter Optimisation
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D
Predictions

Figure D.1: Comparison of predicted cost with the actual cost for each iteration in walk forward validation.
The y-axis is not displayed for confidality reasons.

53


	Introduction
	Problem Statement
	Objectives
	Contributions
	Structure of the Thesis

	The Delivery Process
	Parcel Delivery Process
	Collection
	Send Sorting
	Intertraffic
	Distribution Sorting
	Distribution

	Costs
	Volume Forecasting

	Dataset
	Factors Influencing Package Cost
	Package Characteristics
	Process Characteristics
	External Factors
	Volume Distribution

	Data Collection
	Data Preparation
	Definition of Features


	Data Analysis
	Inspecting the Cost Per Package
	Descriptive Statistics
	Auto Correlation Analysis
	Stationarity Analysis
	Time Series Decomposition

	Identifying Significant Cost Drivers
	Method Selection
	Correlation
	Granger Causality
	LPCMCI

	Summary of Key Findings

	Methodology for Cost Prediction
	Model Selection
	Time Series Models
	Non-Time Series Models
	Model Implementations

	Dataset
	Feature Engineering
	Preprocessing
	Train Validation Test Split

	Model Optimisation
	Cross validation
	Hyperparameter Tuning
	Feature Selection

	Multivariate Forecasting approaches
	Known and Unknown Features
	Considered approaches
	Hybrid Forecasting using Historical Replay

	Model Evaluation
	Performance Metrics
	Walk-Forward Validation
	Standard Error
	Significance Testing
	Forecasting Window and Offset Analysis


	Results of Forecasting
	Naive Method
	Results without Optimisation
	Results after Optimisation
	Evaluating Model Improvements Over the Naive Method
	Comparative Analysis of Best Performing Models

	Effectiveness of Model Optimisations
	Direct vs Hybrid Forecasting
	Results Per Offset
	Analysis of High Forecast Errors
	Feature Importance

	Discussion and Integrated Analysis
	Interpretation of Forecasting Results
	Summary of Key Findings
	Significance Testing
	Error Analysis
	Data Limitations

	Model Implementation within The Company
	Integrated Analysis of Feature Importance and Key Drivers

	Conclusion
	Summary of Key Findings
	Recommendations for The Company
	Limitations and Future Research

	References
	Significance Testing
	Unoptimized Models and the Naive Model
	Optimized Models and the Naive Model
	Optimized Models and Least Squares
	Optimized and Unptimized Models
	Direct and Hybrid Forecasting

	Feature Selection
	Hyperparameter tuning
	Predictions

