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In today’s rapidly evolving supply chain landscape, accurate delivery time estimation is
essential for enhancing operational efficiency and backlog management. This thesis explores
a data-driven approach to forecasting on-time delivery (OTD) for Company X using support
vector regression (SVR) and long short-term memory (LSTM) models. The objective is to
develop a predictive framework that enables Company X to estimate delivery times for each
open sales order individually, supporting proactive backlog monitoring and more informed
decision-making.

LSTM and SVR models were trained using grid search to fine-tune hyperparameters and
enhance performance. The results indicate that LSTM performed better than SVR,
demonstrating strong predictive capability on the test set. The model's performance remained
consistent with the training phase, suggesting minimal overfitting and good generalisation
to unseen data. LSTM effectively captured complex dependencies in delivery times, making
it a more suitable choice for predictive OTD estimation.

The findings offer Company X valuable insights into the feasibility of integrating Al-driven
forecasting into their logistics operations, potentially enhancing efficiency, optimising
resource allocation, and improving customer satisfaction. This research serves as a
foundation for further advancements in predictive logistics, recommending future
exploration of hybrid modelling approaches and expanded feature selection to further refine
delivery time estimation accuracy.
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Nykyisessd nopeasti muuttuvassa toimitusketjujen maailmassa tarkka toimitusaikojen
ennustaminen on keskeisessd roolissa toiminnan tehokkuuden ja tilauskannan hallinnan
parantamisessa. Tassa tutkielmassa tutkitaan dataan perustuvaa l&hestymistapaa toimitusten
toimituspéivan ennustamiseen yritykselle X hyddyntamall& support vector regression (SVR)
ja long short-term memory (LSTM) -malleja. Tavoitteena on kehittd4 ennustusmalli, jonka
avulla yritys X voi arvioida toimitusaikoja jokaiselle avoimelle myyntitilaukselle erikseen,
mahdollistaen ennakoivan tilauskannan seurannan ja paremman paatdksenteon.

LSTM- ja SVR-mallit koulutettiin grid search -menetelmélla hyperparametrien
optimoimiseksi ja mallien suorituskyvyn parantamiseksi. Tulokset osoittavat, ettd LSTM-
malli suoriutui SVR-mallia paremmin, tarjoten niin tarkempia ennusteita kuin ennustamalla
paremmin uutta dataa. LSTM kykeni tunnistamaan toimitusaikojen monimutkaisia
riippuvuuksia tehokkaasti ollen luotettavampi vaihtoehto toimitusaikojen ennustamiseen.

Tutkimuksen tulokset tarjoavat yritykselle X arvokasta tietoa tekodlypohjaisen
ennustamisen  hyoddyntdmisestd  logistilkan  optimoinnissa. Tamd voi parantaa
toimintatehokkuutta, resurssien hallintaa ja asiakastyytyvaisyyttd. Tutkimus luo pohjan
ennakoivan logistiikan jatkokehitykselle ja suosittelee tulevaisuudessa hybridimallien seké
laajennetun  muuttujavalinnan  tutkimista  toimitusaikaennusteiden  tarkkuuden
parantamiseksi.
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1. Introduction

In the rapidly evolving field of data analytics and operational management, leveraging data
to drive decision-making and process optimisation cannot be overstated. With advancements
in technology and the growing availability of data, organisations are increasingly turning to
data analytics to gain a competitive edge and improve their operational performance (Chen,
Chiang & Storey 2012, 1183). By focusing on predicting changes in on-time delivery
performance using data analytics, this thesis aligns with current trends and challenges in the
field of operational management, addressing a pressing need for innovative solutions to
enhance delivery processes. The thesis aims to enhance operational efficiency and lead time
performance by applying data analytics methodologies in a Finnish technology company.
This goal can be achieved with a regression model that uses historical sales backlog data to
predict on-time delivery. This chapter establishes the context for this master’s thesis,
presenting the problem statement along with the research questions guiding the study and

outlining the research scope.

1.1. Background of the Study

This research is conducted for a Finnish company that specialises in providing industrial
equipment and services. With a worldwide presence, the company serves a diverse customer
base across the globe. The company is known for its advanced technology, sustainable
practices, and commitment to improving its customers’ operational efficiency. The
company’s product range spans from large-scale plant solutions to small spare parts for
equipment, and its operations can be divided into multiple business areas. This thesis will
delve into the company’s aftermarket business, covering the product catalogue of spare and
wear parts for machines. Due to confidentiality reasons, the case company was anonymised
and referred to as “Company X” later in the study. The company’s senior manager of KPI &
analytics was interviewed to gain insights from Company X. A summary of the questions is

provided in Appendix 1.
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According to the senior manager of KPI & analytics, the company’s aftermarket supply
chain for spare and wear parts supports a large customer base purchasing significant
quantities of diverse products. This function relies on an extensive network of both internal
and external suppliers to fulfil these orders. Citing the interview, Company X faces particular
challenges with on-time delivery (OTD) in the order-to-cash process, especially with
custom-order items. The challenges with on-time delivery stem from two primary factors: a
vast material catalogue and a global-to-global mentality. Company X’s aftermarket offering
includes everything from newly engineered products to obsolete spare parts. Managing and
executing orders for products regularly sold and kept in stock is relatively straightforward.
However, maintaining reliability for items that are neither regularly sold nor readily
available in inventory is significantly more challenging. As a result, on-time delivery

performance tends to suffer in such cases.

When inventory is available in the warehouse, achieving OTD success becomes feasible.
However, with non-stockable items, the delivery reliability becomes highly uncertain, akin
to a gamble. These non-inventory items can be make-to-order, configure-to-order, or
engineer-to-order products. Make-to-order items are standard products with minimal
customisation, and the production of orders only starts after an order is placed (Rajagopalan
2002, 242). Configure-to-order products have more of a modular approach, where customers
can choose the configuration, after which the part is combined with pre-assembled
components (Cheng et al. 2002, 2). Engineering-to-order items are fully customised and
engineered products that require extensive design effort and adaptive production (Fortes,
Tenera & Cunha 2023, 1728).

Handling all the materials and parts requires not only continuous efforts to update immaterial
master data but also the ongoing development of various complex supply chain execution
strategies, especially when goods are sold to a universal audience. The supply chain
complexity Company X faces is amplified by the logistical challenges of serving customers
located in rural areas across the globe. These customers could be offered materials
manufactured halfway around the world. Due to the aforementioned reasons, estimating

customer delivery times also becomes challenging. The initial assessed shipping date, also
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known as the first promised delivery date, is not seen as entirely reliable. In addition to the
complexity of the process, this is also influenced by lead time variation between suppliers
and outdated information in systems. This study focuses on the aftermarket business lead
time within Company X’s order-to-cash (O2C) process, covering steps from receiving a

customer order to goods issue. (Appendix 1)

To address delays in the order-to-cash process, a procedure known as expediting is used in
open sales backlog management. In expediting the order, the internal purchasing team,
suppliers, or logistics are contacted by the order management team to follow up on overdue
items. This is also where another problem lies: expediting is usually conducted only once
items are already late. The issue in question is quite nuanced. Based on the interview
conducted, there is not always a clear understanding within the order management teams of
how the backlog is linked to OTD. Almost all operational teams have their bonus targets
linked to OTD performance, but close to none have targets or bonuses attached to the open
backlog. Thus, despite the attempt, drawing a picture of the importance of KPIs attached to
backlog has been relatively hard. The teams tend to follow and study their OTD results
closely but may leave proactive backlog monitoring in the background. They may also lack
comprehensive methods and best practices to monitor and oversee the backlog, especially in
a preventative manner. Company X aims to transition to a more proactive approach to
intervene before an order is overdue, which in turn would improve both backlog health and
OTD rates. Most recent efforts include (1) applying data mining tools to O2C and purchase-
to-pay (P2P) processes for a deep dive analysis of backlog throughput, (2) workshops with
the order management team highlighting the importance of clean and healthy backlog, (3)
kick-start of a new operational management approach with personalised support to each
market area and (4) this research aiming to forecast on-time delivery with open sales order.
(Appendix 1)

The research objective of this study is to enhance transparency in Company X’s O2C
process, support early expediting and strengthen backlog monitoring, ultimately aiming to
boost OTD performance for aftermarket business. Achieving this requires (1) a

comprehensive overview of the O2C process, (2) real-time tracking of items throughout the
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process, and (3) predictive insights into ongoing orders. This approach allows Company X
to respond promptly if an order appears at risk of delay or underperforms relative to the on-
time delivery rate. Company X must aim for optimal process performance to ensure reliable
service for its customers. Supporting real-time decision-making requires precise predictive
capabilities for sales orders. This research contributes to the company’s efforts to better meet
customer expectations by assessing whether an order will likely meet its initial promised

delivery date.

Decision-makers increasingly recognise the transformative power of accurate forecasting
and its ability to drive effective decisions. Data estimation has become a vital tool in various
fields, enabling the anticipation of uncertain future events by utilising existing data to project
and manage potential outcomes. (Hendikawati et al. 2020, 1-2) As a fundamental objective
of statistical modelling, forecasting is essential across many research domains and practical
applications. It plays a crucial role in addressing complex challenges and guiding decision-
making processes. (Petropoulos et al. 2022, 710) This study aims to leave its own mark on

on-time delivery prediction related research.

1.2. Research Questions and Objectives

This master’s thesis aims to establish a reliable prediction model to estimate sales order
delivery times. The research will explore and compare two regression methods, LSTM and
SV M, to find the more reliable predictions of delivery times for open sales backlog data. The
models will be trained using historical backlog data mapped with the known realised delivery
dates. The purpose is to create a reliable metric for active use in daily backlog management,
indicating the likely impact of open sales on on-time delivery. The thesis seeks to develop a
robust forecasting model that identifies the underlying relationships between backlog and
OTD performance, offering actionable insights for improving operational efficiency. It also
aims to address critical questions related to the impact of backlog performance on OTD,
providing a data-driven approach to enhance Company X’s ability to meet delivery targets
and optimise overall supply chain performance through better backlog management. The

work does not address what actual actions to take to improve the backlog or manage the
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supply chain; instead, it focuses on creating a new metric that alerts teams to act on time.

The primary research question guiding this thesis is as follows:

Q: In the context of the case company, can we forecast on-time delivery performance

with sales backlog data?

To answer this question in the best way possible and to achieve the objectives of this study,

the following sub-questions were formulated:
1. How is delivery reliability currently measured in Company X?

2. How effectively does the predictive algorithm estimate the delivery time for sales

order items?

Sub-question 2 evaluates the precision and accuracy of the predictions generated by the
models. The objective is to determine whether the predicted delivery times closely align with
actual outcomes, ensuring the reliability of the forecasting approach. If a sufficiently
accurate and reliable model is identified, Company X will assess the feasibility of leveraging
these predictions to develop a new predictive on-time delivery KPI. This KPI would serve
as a data-driven metric to enhance backlog monitoring, improve decision-making, and
optimise logistics operations. The formulation of this KPI would be based on the key
findings and recommendations presented in this thesis, ensuring that it aligns with business

needs and operational realities.

1.3. Delimitations, Limitations, and Assumptions

To ensure the research remains focused and manageable, certain delimitations and
limitations will be imposed on the scope of the investigation. Firstly, the study will primarily
focus on the operational aspects of on-time delivery within the case company’s aftermarket
business and may not delve into broader strategic or market-related factors. The data has

been filtered to exclude specific aftermarket service offerings, including professional service
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orders and projects. The focus will be exclusively on ware and spare parts and their
corresponding sales backlog. However, the majority of the aftermarket offerings are included
in the study. The products vary significantly in size and weight, but orders are not assessed
based on these factors in this thesis. Even though order value is included in the learning
models, each delivery is treated as equally important in measuring on-time delivery
performance. Secondly, the analysis will be limited to data and insights available within the
confines of the organisation, with external factors such as macroeconomic trends or industry
benchmarks being considered only to the extent that they directly impact internal operations.
The spare and ware parts business is not seasonal, but product sales may fluctuate due to the
economic cycle. Thirdly, given that the case company’s operations span multiple countries
and involve a very extensive supplier network, the forecasting model may not fully account
for the variability and unpredictability of each supplier’s performance. External factors such
as geopolitical issues, local economic conditions, and supply chain disruptions can impact
supplier reliability, affecting backlog health and OTD. This thesis is limited to examining
the case company’s own operational practices and internal controls to provide actionable

recommendations rather than enforcing changes at the supplier level.

Some of the company’s spare and wear parts are available as stockable items. They can be
shipped to customers immediately after a sales order is created, contingent on their
availability in inventory. Due to a delay in data synchronisation between the ERP system
and digital data storage, these immediate shipments do not appear in the open backlog. As
the thesis focuses on forecasting delivery dates to open sales orders in backlog, these in-
stock items are excluded from the ML model. The analysis focuses solely on non-inventory
items or those currently out of stock. The segment of stockable orders generally achieves a
high OTD rate, often reaching around 95%, with steady sales volumes. The company’s OTD
reporting framework includes a separate view for orders that were fulfilled from available
stock. Therefore, this thesis can focus only on the OTD of products with slower throughput

while maintaining comparability with the results reported within the company.

While the data is filtered slightly, the sample remains adequately representative of the whole

aftermarket business. The researcher will interpret data objectively. In Company X, open
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sales orders in backlog are created and managed in the ERP system throughout almost the
entire O2C process. The content of the data remains as accurate as it was initially entered
into the information system. Company X’s ERP system includes both manual entries and
automatically populating information. Occasional errors or gaps may exist, making detecting
and addressing inaccuracies or incomplete entries challenging. It is assumed that the
captured data is reliable and recorded properly. The sales order data utilised in the prediction
model is focused on a specific timeframe. This thesis examines six months of open sales
backlog data from January to June 2024. These six months were selected due to challenges
with the initially promised delivery dates in late 2023. Furthermore, this timeframe coincides
with Company X’s transition to a new SAP system, which commenced in autumn 2024.
Temporal filtering is discussed further in Chapter 4.2. It is also essential to acknowledge that
this thesis relied solely on data obtained from a single company, narrowing the research to a
specific organisational context. Thus, the research questions are tailored to issues pertinent
to the selected company, excluding broader industry-wide concerns. It also affects the
robustness of the conclusions made, and the findings may not be applicable to other

companies or industries due to the unique characteristics of the company studied.

The data’s nature and scope present additional limitations to consider. This study is restricted
to historical open sales order backlog data and the corresponding delivery dates of those
orders. The sales order data contains all information stored in SAP relating to the specifics
of that order. However, the data does not explain all stages of the O2C delivery process that
an order goes through. As the data is very stagnant, this thesis does not use log change
information. The lack of time-series data restricts the model’s ability to capture temporal
trends and relationships, which could enhance predictions of delivery times. Additionally,
the model does not account for changes or updates to orders over time, such as modifications
in status or fulfilment processes, which limits its ability to consider dynamic influences on
delivery times. Furthermore, the absence of a direct connection and shared information
between purchase orders (PO) and sales orders (SO) in Company X narrows the analysis, as
it leaves out dependencies or delays related to procurement processes. This goal is central to
our work: to determine if the backlog data is comprehensive enough for reliable delivery

time estimates.
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As a last limitation, method selection is discussed. For this thesis, two regression models
were selected and optimised: LSTM (long short-term memory) and SVR (support vector
regression). This specific selection is better explained in the next section (Section 1.4.) The
choice of using only two models allows for a focused and in-depth analysis of their
performance and applicability. By prioritising depth over breadth, the research aims to
provide meaningful insights rather than more superficial comparisons. Time and resource
constraints further support the decision to limit the scope of the analysis. Training, tuning,
and evaluating multiple models can be computationally expensive and time-consuming. By
narrowing the focus to these two models, the thesis avoids unnecessary complexity and
makes it easier to communicate results clearly. This choice also aligns with existing
literature, where both models have been applied to similar tasks. However, this research
contributes new insights through their rigorous application and comparison. Focusing on

LSTM and SVR ensures a concise, high-quality study that delivers actionable findings.

1.4. Research Methodology

The objective of this thesis is to estimate delivery dates for orders in open backlog. The
historical backlog data used for this prediction was collected monthly over a six-month
period at the beginning of 2024. While the backed data may contain multiple entries for the
same sales order if it remained open in the system for more than a month, only the most
recent entry for each sales order has been retained for analysis. This thesis uses regression
models to build the prediction. A wide range of regression models can achieve the desired
results. The variety of models is illustrated in Figure 1. The methodology of this thesis aims
to forecast delivery dates by comparing two types of machine learning (ML) algorithms: a

deep learning neural network model and a traditional regression model.

Based on a literature review, theoretical grounding and previous tests conducted in Company
X, the proposed forecasting model for this thesis is a long short-term memory (LSTM)
network. The LSTM model is highly effective at capturing complex patterns, especially
when working with data that contains intricate interdependencies, as it offers a flexible

representation to model these relationships effectively. (Van Houdt, Mosquera & Napoles
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2020, 5926). The proposed method is compared with a well-established regression technique
known as support vector regression (SVR). SVR is a widely researched regression model,
often studied with the LSTM model in various studies (laousse et al., 2023, 56). SVR is
recognised for its flexibility in modelling complex relationships, robustness to outliers, and
efficiency in handling high-dimensional data, achieving more accurate results than the usual
regression model. (Cosma et al. 2017, 7; Ghosh et al. 2018, 91) This comparative analysis
will provide insights into the effectiveness of LSTM, potentially offering improved
forecasting accuracy over traditional ML models. The findings aim to contribute to the
ongoing discourse on the applicability of deep learning techniques in forecasting,

particularly in scenarios where traditional models may fall short.

‘ Regression Models

‘ Machine
Learning
I
P p— T
Traditional 2
‘ Models ‘ Deep Learning ‘
R 2 ! T . : T v v
‘ Three-based Linear ‘ Othex Regperiive | K-Nearest ‘ ‘ ‘ Transformer
3 Regression Vector ; RNN CNN
Models Regression o Neighbors Models
JR ) Models ) | Regression ) { ) )\
e ——— E——"
Lassq Rldgg LOngh’C Polynon‘nal GRU ‘ LSTM
Regression Regression Regression Regression

Figure 1. Classification of most common regression models (adapted from Vagale, Steina &
Vecins 2021, 151)

The choice of LSTM network and SVR for predicting sales order delivery times is well-
founded, even without explicit time-series data. LSTMs are particularly effective at
capturing complex patterns and dependencies influenced by factors such as order size,
product type, and customer location, leading to high prediction accuracy. (Wang, Chien, &
Trappey 2021) Meanwhile, SVR provides an alternative approach, effectively modelling
non-linear relationships that may influence delivery times, such as logistical constraints
(Alenezi, Moses & Trafalis 2007, 3495). Additionally, LSTMs are capable of handling
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irregularities and variations in data, such as delays and fluctuating processing times, thereby

improving their reliability in this context (Weerakody et al. 2021, 161).

1.5. Structure of Thesis

Overall, the master’s thesis consists of six chapters. Following the introduction, an in-depth
introduction to the theoretical background and research methodologies is provided, ranging
from backlog management and OTD to selected models LSTM and SVR. The fourth chapter
describes the data and method formulations. Research results are presented in the fifth
chapter. These results are reviewed and compared in the analysis section, which evaluates
the findings considering the research questions. The final chapter summarises the analysis,
which includes conclusions, an assessment of the reliability and validity of the results, and
suggestions for potential areas for further research on the topic. The research structure is

presented in Figure 2.
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2. Literature Review

The master’s thesis focuses on understanding how backlog performance effects on-time
delivery (OTD) and aims to guide operational processes at Company X to enhance this
aspect. Due to the complexity of Company X’s operations, which involve multiple products,
resources, and suppliers, a sophisticated approach to managing backlogs is essential for
maintaining high OTD rates. The thesis intends to provide actionable insights for Company
X’s operational teams, enabling them to proactively address backlog issues before they
negatively impact OTD. Effective prediction models for delivery dates and lead time are
necessary to achieve these objectives. This chapter summarises, compares, and evaluates
previous studies, theories, and findings on delivering products on time. The aim is to yield a
comprehensive literature review on lead time and its estimation. In this thesis, the LUT
Primo and Scopus databases were utilised to conduct an in-depth review of studies pertinent
to estimating delivery times. These tools provided access to a diverse range of scholarly

articles and research findings.

On-time delivery is a broad concept that refers simply to the fact that something was
delivered as scheduled. It does not specify what was delivered or the method used for
delivery; it solely indicates that it arrived on time. The topic of timeliness in delivery has
been examined from various perspectives. Generally, on-time delivery and lead time are
understood in the context of logistics and transportation within a company, which is also the
focus of this study. The key questions are whether the item shipped arrived as promised and
if there were any delays. The scientific community has proposed various definitions of
delivery times across different domains. From an industrial logistics perspective, delivery
time is the duration from order placement to receipt of goods, encompassing order
processing, picking, packing and transport time (Wiendahl 1997; Chapman et al. 2017). In
production contexts, definitions often include additional factors such as throughput times,
sequence-dependent setups, and order-specific processes (Schmidt & Schafers 2017; Alfnes
et al. 2021). For example, the time required to deliver ETO orders includes various time
elements that differ from those of MTS items. Company X’s view of its lead time and

delivery date calculation is presented in Chapter 4.1.5. When examining how delivery dates
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are established in academic research, this subject has been approached in two primary
manners: as a decision-making challenge that includes multiple trade-offs and as an
estimation challenge (Siedmann & Smith 1981). The decision-making approach aims to
create a computational method for developing a policy for assigning delivery dates. In
contrast, the estimation approach predicts the expected lead time based on specific operating

conditions. In this study, we focus specifically on the estimation approach.

Delays in the supply chain pose a significant challenge for businesses around the globe, often
causing products to arrive later than anticipated. Numerous studies have sought to address
this issue by developing models that predict delays before they happen. These models
typically estimate delivery-related time attributes, such as the expected delivery date, lead
time, or whether an order will be late. Recently, there has been a surge in the use of machine
learning methods and big data in delivery time estimation, enabling more accurate
predictions. Notably, there has been a significant increase in publications focused on using
machine learning to estimate components of delivery time (Maier et al.,2022). This growing
interest can be attributed to the various factors that influence total lead time. In environments
characterised by diverse data types and influencing variables, machine learning can help
identify correlations within the data. (Shet et al. 2022) This capability is especially valuable
in complex industry settings, where it facilitates a detailed analysis of the dependencies
among different delivery time components. Despite this progress, most research tends to
focus on specific time components or logistical performance without addressing the need for
holistic delivery time predictions (Alnahhal et al. 2021; Maier et al. 2022). It is also notable

that many studies focus on improving OTD rather than estimating it.

A literature review in this area indicates that numerous authors have investigated delivery
times and their essential elements. Table 1 displays various studies utilising machine
learning methods to estimate delivery days or lead times. Interestingly, while the majority
of existing literature prioritises the prediction of delivery times, few studies have
concentrated on determining the status of deliveries. As an example, Abouloifa and Bahaj
(2022) compared the performance of a random forest classifier with and without ANOVA’s

SelectKbest feature selection to estimate if an order is either late or early. Feature selection
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did improve the overall accuracy of the model, although the performance was already good.
A study by Hughes et al. (2019) employed both regression and classification models to
achieve accurate prediction to stop delivery times. Their first approach predicted stop
delivery times using regression models, comparing them with estimates from hazard
duration models. The second approach checked if the stop delivery time exceeds a specified
threshold, including the company’s pre-set limits and the dataset’s median and mean times.
Additionally, the study proposed a hybrid framework consisting of both classification and

regression levels.

Research on hyperparameter tuning has demonstrated its effectiveness in identifying optimal
models. Flores-Huaman et al. (2024) conducted a study that utilised historical data from
vendors along with specific attributes of components to predict lead times. The researchers
employed various algorithms, including support vector regression, random forest, and
gradient boosting, placing significant emphasis on hyperparameter tuning through random
search to refine kernel functions and regularisation parameters. Random search selects
hyperparameter values at random from a specified distribution. Unlike grid search, which
tests every possible combination within a defined grid, random search evaluates a
predetermined number of random combinations. This approach often leads to better
performance, especially in large or complex search spaces. (Flores-Huaman et al. 2024, 13)
Although the research initially experimented with grid search, they found it to be too
resource-intensive for their multiple models. Random search is more efficient for models
with many hyperparameters. This paper also added k-fold cross validation to random search
in order to reduce bias and offer a more precise estimation of unseen data. By adopting the
combined approach, they successfully developed a model capable of capturing complex
relationships within the manufacturing process, highlighting the importance of systematic
parameter optimisation and cross-validation for high-complexity tasks. Two other studies
using hyperparameter tuning come from Salari et al. (2021) and Rokoss et al. (2024). They
both, in turn, used a grid search approach with their vast regression models. Rokoss et al.
(2024) tested a wide variety of models from artificial neural networks to support vector
regression and from random forest to extreme gradient boosting to predict delivery days.
They conducted their training by using 18 to 20 different parameter combinations in separate

grid search learning processes for each model.
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Encoding techniques have been popular when modelling large datasets of high-cardinality
categorical variables. Feature encoding was utilised in two research presented in Table 1.
For instance, van Willen (2022) utilised both embedding and one-hot encoding to represent
categorical data in models neural network models such as CNN and LSTM, achieving
significant improvements in on-time delivery estimation performance. Similarly, Flores-
Huaman et al. (2024) applied one-hot encoding along with random search for
hyperparameter optimisation. Encoding methods are crucial for transforming high-
cardinality categorical features into formats that are suitable for machine learning
algorithms. This transformation allows these models to capture complex relationships within
the data. The application of encoding — particularly embedding for high-dimensional data
and one-hot encoding for more straightforward representations — highlights its versatility
and importance in tasks related to delivery time prediction. (Dahouda & Joe 2021, 114381)
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Table 1. Summary of some of the on-time delivery related estimation studies in the literature

. . Best
P t - Pre- Evaluat .
Author rediction Prediction goal Methods re . ve ga on performing
task processing metrics
model
van Delivery Improving on-time  CNN, BIG-DGCNN, Embedding, RMSE CNN
Wijlen date in full delivery LSTM, MLP, GCN One-hot MAE
(2022) performance encoding SMAPE
Rokoss et  Delivery Predicting delivery ~ XGB, ANN, SVR, Grid search, RMSE XGB
al. (2024) date dates early in the RF, DT, LR SHAP MAE
ordering process R?
Hughes et  Delivery Predict stop KNN, SVR, Naive Stacked MAPE KNN
al. (2019)  time delivery times from  Bayes, DT, LR, generalizer MSE
GPS data Ridge, Lasso, Elastic
net, NeuralNetR,
XGBoost
Kumar et Leadtime  Predicting the LR, Discrete Time Accuracy LR
al. (2016) likelihood of Survival Analysis, Sensitivity
vendor deliveries Naive Bayes Specificity
being on-time
Hiller et Lead time  Forecast throughput AutoML, SHAP, MAE ML models
al. (2023) times in the order LightGBM XAl MSE
fulfilment process RMSE
Flores- Lead time  Predicting lead DT, RF, Ridge, Random RMSE LGBM
Huaman times in wind Lasso, Elastic Net, search, MAE
etal. turbine SVR, GB, XGB, One-hot R2-adj
(2024) manufacturing LGBM, MLP, encoding MAPE
TabNet, NODE
Abouloifa  Order Predicting late RF SelectKBest  Accuracy RF
etal. status delivery orders
(2022)
Salari et Lead time  Estimating delivery LR, QR, RF, RT, Grid search  Pinball loss  QRF
al. (2021) time for new QRF, CQRF function
customer orders CRPS
Pfeiffer et Leadtime  Predicting DT, LR, RF MSE RF
al. (2015) manufacturing lead R?

times
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To validate the chosen direction for this thesis, it is essential to review the various approaches
and machine learning models used in the literature on on-time delivery prediction. In the
studies examined, each model was selected based on its capacity to address the specific
characteristics of the data and the problem being studied. Both SVR and LSTM models were
used in the literature on the subject. For example, Rokoss et al. (2024) utilised SVR alongside
other methods like XGBoost and ANN to forecast delivery dates early in the ordering
process. They employed techniques such as SHAP for model interpretability and grid search
for hyperparameter tuning. Similarly, Flores-Huaman et al. (2024) used SVR to compare
ensemble and regression models to predict lead times in wind turbine manufacturing. These
studies underscore SVR’s flexibility and robustness, especially in regression tasks involving
mixed data characteristics. Conversely, due to their inherent memory structure, the LSTM
model excels in capturing sequential patterns, even when the data is not time-based. Van
Willen (2022) implemented LSTM alongside convolutional neural networks (CNN) and
graph convolutional networks (GCN) to enhance on-time delivery performance, utilising
embedding and one-hot encoding for pre-processing. The capability of LSTM to handle
complex, multi-dimensional data makes it particularly well-suited for tasks involving high-
cardinality features or intricate relationships among predictors. Although more complex
algorithms like neural networks are used in some publications, they often rely on simulation
data, which may lack practical validation (Schneckenreither et al. 2021; Yang & Zhang
2018; Yang et al. 2017). Research applying neural networks to real data is quite focused on
demand forecasting to achieve better performance with on-time delivery (Abbasimehr et al.
2020; Mejri et al. 2021; Wang et al. 2021). Even with a similar goal, the meaning of these
studies differs from that of this work.

Accurately predicting delivery times plays a crucial role in effective resource planning,
strategic negotiation, and ultimately gaining a competitive advantage in today’s fast-paced
market environment (Bhalla et al. 2023; Rau et al. 2006). However, current methodologies
for delivery time prediction often fall short because they tend to concentrate on isolated
components of lead time rather than offering a comprehensive and integrated perspective on
the entire delivery process. Many of these existing models primarily depend on simulation
data and traditional data-driven approaches, such as regression analysis and heuristic
methods (Adam et al. 1993; Thurer et al. 2012; Polim et al. 2017). These techniques can
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yield insights into specific aspects of delivery time but cannot often capture the complexity
and interconnected nature of various factors influencing the overall delivery timeline. By
overlooking the holistic view of delivery time prediction, organisations may miss key
variables that affect lead time, leading to less accurate forecasts and inefficient resource
allocation. Consequently, there is a need for more sophisticated methodologies that integrate
multiple factors and provide a complete picture of delivery time predictions to enhance

supply chain efficiency and responsiveness.

While deterministic, stochastic, and meta-heuristic methods are still prevalent, machine
learning’s ability to identify correlations among diverse influencing factors presents
promising potential for improving delivery time predictions. Addressing these gaps requires
integrating domain knowledge with structured ML frameworks for feature selection, model
evaluation, and interpretability. By synthesising existing research, this review emphasises
the critical role of machine learning techniques in advancing delivery time prediction
methodologies and highlights opportunities for future advancements in practical supply
chain applications. The chosen estimation model must be adept at identifying hidden
connections and capturing complex dependencies. Therefore, the LSTM model, recognised
for its capability to manage large-scale data and represent various dependencies, and the

SVR model were selected. Both models are more thoroughly presented in the next chapter.
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3. Theoretical Background

This chapter explores the theoretical aspects covered in the thesis. Initially, it focuses on the
operational issues faced by Company X, specifically addressing backlog performance and
management, as well as on-time delivery. Following this, the study will provide a detailed
introduction to the actual models employed in the research. Additionally, the concept of

machine learning will be discussed.

3.1. Backlog Management and Its Impact on Delivery Performance

This chapter aims to provide a comprehensive overview of the significance of sales order
backlog and on-time delivery (OTD) as essential metrics within the realm of supply chain
and operations management. It will delve into the critical connection between effective
backlog management and achieving high OTD rates, illustrating how these elements
interplay to enhance overall performance. The focus of this chapter is to elucidate how
managing order backlog directly influences delivery performance. By exploring this
relationship, we can better understand the ways in which mastering backlog can lead to
improved customer satisfaction and increased operational efficiency. Through this
examination, we will highlight the importance of timely deliveries and how they can foster

stronger customer relationships and operational success.

3.1.1. On-Time Delivery

In the dynamic landscape of business-to-business (B2B) markets, the on-time delivery
(OTD) concept holds paramount importance. Ensuring timely delivery of goods and services
is not merely a logistical concern but a strategic imperative that directly impacts the success
and reputation of companies operating in these markets. (Forslund & Jonsson 2010, 225) At
its core, OTD refers to the ability of a company to fulfil customer orders within the agreed-
upon timeframe (Carvalho et al. 2022). In B2B markets, where transactions often involve

large volumes of goods, complex supply chains, and interdependent relationships between
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buyers and suppliers, the importance of timely delivery cannot be overstated (Lee & Joshi
2007, 19-20). Delays in delivery disrupt operational efficiency and have far-reaching
consequences for customer satisfaction, loyalty, and overall business performance (Dundar
& Oztirrk 2020, 2679-2681). In today’s competitive marketplace, customers have high
expectations regarding order fulfilment, and any delays or discrepancies can lead to
dissatisfaction and erode trust in the supplier (Gligor et al. 2020, 737). To emphasise, OTD
directly impacts a company’s credibility and competitiveness in the market (Nakandala,
Samaranayake, & Lau 2013, 507). Delivering on time requires not only quick delivery and
good supply chain performance but also maintaining accurate delivery times (Karim et al.
2010, 2374). Consistently delivering orders on time enhances customer satisfaction and
strengthens the company’s brand image as a reliable and trustworthy partner. In contrast,
frequent delays or missed deadlines can tarnish the company’s public perception, leading to

customer attrition and loss of market share. (Forslund & Jonsson 2010, 225-227)

There are multiple ways to measure on-time delivery and being on-time may have different
meanings for different parties. The customer considers an order on time when the products
are available at their own site as promised. At the same time, the supplier typically only
requires that the product is ready for delivery in time. (Forslund & Jonsson 2010, 227)
Ramachandran and Neelakrishnan (2017) state that OTD is an essential business metric, and
it should reflect how well the company meets its initially promised delivery dates to the
customer. OTD serves as a key performance indicator (KPI), providing valuable insights
into the efficiency and effectiveness of supply chain operations and prioritising whether we
are on time or not. (Ramachandran & Neelakrishnan 2017, 109) The on-time delivery metric
that focuses on the full customer experience is better known as on-time and in full (OTIF)
delivery. OTIF measures the percentage of shipments delivered on time, in full quantity and
according to the specified schedule agreed with the customer for each order. (Tian et al.
2024, 4) By monitoring on-time delivery metrics, companies can track performance over
time, set benchmarks for improvement, and implement corrective actions as necessary to
optimise delivery processes and meet customer expectations (Bhattacharyya & Guiffrida
2015, 3772). Understanding the factors influencing on-time delivery performance, such as

inventory management, production scheduling, transportation logistics, and supplier
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reliability, is essential for companies to identify areas for improvement and enhance
customer experience. (Christopher 2016; Forslund & Jonsson 2010; Diindar & Oztiirk 2020)

All in all, improving on-time delivery is pivotal for maintaining customer satisfaction and
competitiveness in today’s business landscape. Researching this subject is important as it
directly addresses a key operational challenge faced by companies, and in this case,
Company X, offering a potential increase of actions to optimise delivery processes and meet

customer expectations.

3.1.2. Sales Order Backlog

Managing customer orders and fulfilling commitments in a timely manner is driving
customer satisfaction and business success. One key aspect of this process is the
management of the sales order backlog. (Simchi-Levi, Kaminsky & Simchi-Levi 2008)
Backlog refers to the accumulation of customer orders that have been received but are yet to
be fulfilled or delivered by the company (Yan et al. 2010, 261). It represents the demand
backlog that the company needs to address to meet customer expectations and uphold its
commitments. A backlog includes orders for products or services across various industries
and sectors, spanning from manufacturing to service-oriented businesses. (Vollmann et al.
2017) Backlog health, on the other hand, refers to the overall condition and status of the
open sales backlog within Company X. The backlog health might not be a well-recognised
KPI, but it is widely used and utilised in Company X. It serves as a measure of how
effectively the company is managing its backlog of customer orders and fulfilling its
obligations within the agreed-upon timeframe. A healthy backlog signifies that the company
is efficiently processing and fulfilling customer orders, ensuring that customers receive their

products or services as promised. (Appendix 1)

The connection between backlog health and on-time delivery KPI lies in their
complementary nature within the operations of a company. Backlog execution directly
influences a company’s ability to meet its on-time delivery targets. (Slack, Brandon-Jones,

& Burgess 2022, 493) A healthy backlog, characterised by manageable volumes and
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efficient processing, typically indicates that the company is well-positioned to fulfil
customer orders promptly (Yan et al. 2010, 261-262). This, in turn, enhances the likelihood
of meeting OTD targets. Conversely, poor backlog health, marked by high volumes,
bottlenecks, or inefficiencies in processing, can hinder the company’s ability to fulfil orders
on time (Schmidt & Wilhelm 2000, 1503). It may lead to delays in production, logistics, or
delivery, resulting in missed delivery deadlines and lower OTD performance. (Croxton
2003) Therefore, maintaining a healthy backlog is essential for achieving optimal on-time
delivery performance. By managing backlog volumes effectively, streamlining processes,
and addressing bottlenecks, companies can enhance their ability to meet on-time delivery

KPI and ultimately deliver superior service to their customers.

3.2.LSTM as a Machine Learning Application

This chapter examines long short-term memory (LSTM) as a machine learning application,
situating it within the broader frameworks of artificial intelligence (Al), machine learning
(ML), and deep learning (DL). LSTM, a type of recurrent neural network (RNN), is
particularly effective at capturing sequential patterns and long-term dependencies, making
it a valuable tool for various predictive tasks. The choice of LSTM is supported by an
analysis of its role within the broader category of neural networks, emphasising its
advantages over traditional RNNSs, particularly in addressing vanishing gradient problems.
Additionally, the chapter outlines the reasoning behind selecting LSTM for this study,
establishing connections to artificial neural networks and deep learning, which are often
referenced together in contemporary research (Ling 2023; Sarker 2021; Taye 2023). Figure
3 illustrates the hierarchical structure of concepts that lead to LSTM, from artificial

intelligence to machine learning and neural networks.
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Figure 3. Hierarchical structure of Al and its subfields (adapted from Chiu, Chao & Chen
2022, 3)

Machine learning is a crucial subfield of artificial intelligence that is used to make
predictions (Ergen 2019, 6). Unlike traditional programming, where explicit instructions for
models are required, ML enables systems to learn and improve their capabilities
independently by using large datasets (Ling 2023, 91). As ML systems are exposed to more
data and gain experience, they refine and enhance their performance over time based on what
they have learned (Taye 2023, 18). With the continuous improvement and adaptation, ML is
broadening horizon of machine capabilities and pioneering new frontiers of innovation
(Kasula 2017). Machine learning models serve two primary purposes: classifying data using
trained models and predicting future outcomes based on those models (Nematzadeh et al.
2022, 1). ML uses different algorithms to analyse data and generate results, such as decision
trees, neural networks, random forests, and linear regression (Sarker 2021, 5-8). ML
algorithms are very helpful tools for companies with various vital functions. These may
include detecting and preventing fraud, analysing data, identifying security risks, providing
automated customer support through chatbots, and offering personalised recommendations,
among other tasks. (Ramachandran et al. 2021, 2330; Sarker 2021, 1; Taye 2023, 1-3)
Beyond its current applications, ML is also used at the forefront of future innovations,
powering technologies such as autonomous vehicles, augmented reality, and robotics (Sahija
2021, 118; Taye 2023, 2-3).
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Machine learning can be categorised based on different learning methods, with three widely
recognised paradigms introduced within this thesis: supervised, unsupervised, reinforcement
learning and deep learning (Ergen 2019, 6). In supervised learning, a machine is trained to
associate specific inputs with specific outputs by using structured training data that has been
labelled (Ibrahim & Abdulazeez 2021, 11). In other words, supervised learning models
require a human to label input data (Sarker 2021, 3-4). To provide a simple example,
achieving an algorithm that can identify images of raccoons means that plenty of labelled
raccoon images are needed to be fed to the model (Sharma 2020, 592). Supervised learning
is further split into two types: (1) classification, where the system learns to assign labels to
given inputs, and (2) regression, where it deduces a numerical function from numerical data
(Nematzadeh et al. 2022, 1-4). Unsupervised learning, on the other hand, works with
unlabelled and unstructured input data to detect patterns, make predictions, and organise data
into categories (Sathya & Abraham 2013, 35-36; Taye 2023, 3-7). The process works
independently without external human input. Thus, the outcome is not predetermined.
(Sathya & Abraham 2013, 35) Unsupervised learning methods are effective for tasks like
pattern recognition and descriptive modelling (Sheikh 2013). Clustering is a widely used
method in unsupervised learning, and its goal is to identify hidden patterns and organise data
into distinct groups differing from each other (Zhou 2021, 212). Reinforcement learning
algorithms provide agents with rewards for actions that are deemed correct and impose
penalties for incorrect actions (Sarker 2021, 4). Doing so teaches the system to gradually
choose behaviours classified as “good” (Ling 2023, 95). The reinforcement learning model
does not need labelled input-output pairs nor corrections for not-so-ideal actions like
supervised learning models (Emmert-Streib & Dehmer 2022, 6-7). It aims to establish a
balance between exploration and exploitation to maximise overall long-term benefits (Zhou
2021, 402). Reinforcement learning models can address numerous real-world challenges

across various fields, including game theory and multiagent systems (Sarker 2021, 13).

3.2.1. Neural Networks and Deep Learning

Over the past few years, deep learning has emerged as the leading computational approach
in machine learning, achieving exceptional results in various complex cognitive tasks (Taye

2023, 1). Deep learning models effectively leverage neural networks to analyse and derive
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insights from extensive datasets (Sarker et al. 2020, 13-14). DL outperforms classical
machine learning with large and noisy datasets, while machine learning is more effective
with smaller datasets due to its simpler structures (Xin et al. 2018, 35367). An analogy
between DL, ML and Al states that if Al is analogous to a brain, ML represents the
mechanism by which the brain acquires new cognitive skills, while deep learning is the most
advanced self-training method currently available (Taye 2023, 2). Artificial neural networks
(ANN), on the other hand, mimic the functionality of the human brain by replicating the
behaviour of human neurons (Schmidt et al. 2020, 2). ANN models can interpret data in
various forms, such as text, sounds and images (LeCun, Bengio & Hinton 2015, 436).
Artificial neural networks are made up of layers of interconnected units called neurons,
which process inputs and pass outputs to other neurons. The connections, represented by
adjustable weights, allow the network to learn patterns and improve task performance during
training (Ling 2023, 96; Ponta et al. 2022, 2149). Figure 4 illustrates the M-P (McCulloch-
Pitts) neuron model, which is the first computational model of a neuron. Each neuron
processes input signals transmitted through weighted connections from other neurons.
(Hopfield 1984, 3088; Zhou 2021, 114-115)

X1
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Figure 4. M-P neuron model (adapted from Adamowski & Chan 2011; Zhou 2021)
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The output y of the neuron can be calculated as presented in Equation (1):

y = fQiz1wix; + b) 1)

where f is the activation function, x; represents the input data, w; the weight, and b is the
added bias (Castellini, Manca & Suzuki 2010).

ANN consists of multiple artificial neurons interconnected based on a predefined network
architecture (Sarker 2021, 13). The goal of a neural network is to convert inputs into
meaningful outputs through three layers: input, output, and the hidden layer. The network
may consist of several hidden layers, and Figure 5 illustrates two of them. (Ling 2023, 96)
DL algorithms are characterised by their use of multiple hidden layers (Enholm et al. 2022,
1713), typically employing at least three (Ponta et al. 2022, 2149). Adding more hidden
layers contributes to the depth and complexity of the algorithm (Ponta et al. 2022, 2149).

Input Layer Hidden Layers Output Layer

Figure 5. ANN architecture with two hidden layers (adapted from Adamowski & Chan 2011)
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Deep learning has transformed modern computational tasks, with neural networks being the
foundation of this revolution. Several deep learning architectures exist, such as multilayer
perceptron neural networks, convolutional neural networks, transformers, recurrent neural
networks and deep autoencoders. (Ibrahim & Abdulazeez 2021, 13; Sarker 2021, 13-14)
Two of the most notable architectures are convolutional neural networks (CNN) and
recurrent neural networks (RNN), each tailored to handle specific data types and tasks. This

thesis zooms into these two most common and used algorithms. (Taye 2023, 12)

The classic neural network processes data in vector format, while the CNN processes
multichannel images (Taye 2023, 1). CNN are a specific type of feedforward neural network.
It is designed especially for tasks involving structured data consisting of videos, images, and
audio spectrograms (Li et al. 2021, 5220). It operates by automatically extracting
hierarchical features from input data through a combination of layers (Ling 2023, 97). CNN
consist of three primary types of layers: convolutional layers, pooling layers, and fully
connected layers (Namatévs 2017, 40). Convolutional layers use filters, known as kernels,
to detect patterns like edges, textures, and other features in the input data by refining weights
through training. After going through a convolutional layer, the input image is transformed
into a feature map. (Taye 2023, 5) Typically, a pooling layer is inserted between the
convolution layers at regular intervals. The pooling layer reduces the dimensionality of
feature maps while preserving key information. It applies a filter that slides over the input
data using operations like max, min, or average. (Wang & Yang 2019) At the final stages,
fully connected layers combine the features extracted by the earlier layers to make
predictions, such as classifying images or performing regression tasks (Namatévs 2017, 43-
44). CNN models possess several advantages that make them highly effective for structured
data. First, they leverage weight sharing to reduce computational complexity. Weight
sharing is done by applying the same parameters across multiple regions of the input,
mimicking the functionality of biological neural networks. (Liu et al. 2018, 23722) Second,
CNN models utilise spatial relationships in data to minimise the number of training
parameters (Zhu et al. 2022). Lastly, the models extract features in a hierarchical manner,
beginning with simple patterns in the initial layers and progressing to more complex features
in the deeper layers (Taye 2023, 1). Despite the strengths listed above, CNN models are still



38

noise-sensitive and require large amounts of labelled data for optimal performance (Momeny
etal. 2021, 1).

RNN models, on the other hand, are designed for sequential data such as speech, language,
and time-series inputs. Unlike CNN, RNN utilise recurrent connections that allow the
network to retain information from previous steps, providing temporal context. (Kumari &
Toshniwal 2021, 9) The RNN models use sequential processing, meaning input data is
processed step by step, maintaining information from previous steps via hidden units (Pietila
& Lim 2012, 995). RNN shares and reuses parameters across all time steps, reducing the
number of trainable parameters (Nisha, Sathik & Meeral 2021, 71). RNN models also store
past information in memory units, enabling the network to handle tasks requiring temporal
dependencies that can be found in time-series forecasting (Saini et al. 2023, 9). However,
RNNs also struggle with challenges. One of those is the vanishing gradient problem, which
limits their ability to learn long-term dependencies. (Maduranga, Helfrich & Ye 2019, 4529)
Another challenge is found with RNN’s difficulty in modelling highly complex relationships
without architectural enhancements. Advanced RNN architectures, such as long short-term
memory (LSTM) networks and gated recurrent units (GRU), address the limitations by
introducing mechanisms that selectively remember or forget information, making them more
competent for complex sequential exercises like speech recognition and language modelling.
(Kumari & Toshniwal 2021, 9-10) GRU model is a simplified version of LSTM with fewer
parameters, still maintaining comparable performance (Shen et al. 2018, 896). However, the
more complex architecture allows LSTMs to provide greater flexibility in learning intricate
patterns within data, especially in situations where subtle changes in the input can
significantly affect the target variable (Zhang, Saeed & Sadeghian 2023, 19). Although
GRUs are more computationally efficient due to having fewer parameters, LSTMs are
typically preferred when computational resources are not a constraint, as their additional

gates and parameters can enhance learning in complex scenarios. (Oguz & Ertugrul 2023)

Based on the CNN and RNNs model description, RNN is a better fit for this thesis. To avoid

the commonly found challenges in RNN models, this thesis uses the improved RNN
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architectures. Due to this thesis valuing accuracy over speed, the main model selected is

LSTM, which is further introduced in the next chapter.

3.2.2. Long Short-term Memory

Long short-term memory (LSTM) networks are a specialised type of recurrent neural
network directed to address the limitations of traditional RNN in handling long-term
dependencies within sequential data (Van Houdt, Mosquera & Népoles 2020, 5934). While
standard RNN is effective in recalling short-term information, they struggle to maintain
relevant data across long sequences due to the vanishing gradient problem, which inhibits
learning over extended time steps (Maduranga, Helfrich & Ye 2019, 4528). LSTM models
overcome this challenge by introducing memory cells and several types of gates that regulate
the flow of information. These components allow LSTM to selectively retain important
information, discard irrelevant data, and control what gets passed to the next time step.
(Kumari & Toshniwal 2021, 9-10) This architecture, also showcased in Figure 6, makes
LSTM particularly suited for problems involving long-term temporal relationships, which

becomes useful when modelling time-series predictions (Salman et al. 2018, 90).
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Figure 6. LSTM network memory block (adapted from Long et al. 2022)
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The core architecture of an LSTM node comprises several interconnected components that
ensure efficient information processing (Lampe & Meng 2023, 4). At the heart of the LSTM
is the memory cell, which acts as a reservoir to store information over time (Diniz et al.
2024, 4). The memory cell includes forget, input, and output gates (Al-Jabery et al. 2019,
53). LSTM memory cell architecture is presented in below figure (Figure 7). The forget
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gate determines what portion of the cell state from the previous timestep should be discarded
(Diniz et al. 2024, 4-5). The input gate then decides what new information should be added
to the cell state (Al-Jabery et al. 2019, 53). The output gate regulates the information to be
passed to the current hidden state and the next timestep (Machlev 2024, 4-5). This gating
mechanism allows the LSTM to preserve critical information across long sequences and

selectively focus on relevant data (Zhang, Saeed & Sadeghian 2023, 19).

LSTM Memory Cell h,
A
Memory / Forget gate Input gate Output gate \\
Cia >m >O > C,
tanh
' Q0
0¢
g

Hidden state

h, \’¥ J_) h,

Xt

Input

Figure 7. LSTM memory cell architecture (adapted from Qin et al. 2023)

As illustrated in the LSTM model in Figure 7, the input is represented as x,, the previous
cell state representing the long-term memory of the model as ¢, — 1, and the previous hidden
state or short-term memory of the model as h, — 1. (Diniz et al. 2024, 4-5) Within the first
gate of the memory cell, forget gate f;, the model determines which information from the
previous memory cells’ output h, — 1 and the new input x, should be retained. The values
in resulting vector f; range from 0 to 1, where 0 forgets the previous data, and 1 uses it (Al-
Jabery et al. 2019, 53).
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The forget gate layer can be modelled as described in Equation (2) below.

ft = O-(fot + Ufht—l + bf) (2)

where o denotes the logistic sigmoid function, parameter Wy input weight, U recurrent

weight and by the bias of a certain hidden layer component (Diniz et al. 2024, 4-5).

The second layer is the input gate layer, which consists of both an input gate i; and a
candidate layer ¢;. This layer processes new data. (Diniz et al. 2024, 4) It uses a sigmoid
function to filter out unnecessary parts of the input data, and then it determines new possible
data with a hyperbolic tangent (tanh) function (Pietila & Lim 2012, 992). The results of the
sigmoid and the tanh functions are multiplied, and later added to the memory cell state. This
leads to a new memory cell state c,. (Van Houdt, Mosquera & Néapoles 2020, 5931-5933)
The input gate layer can be modelled using Equations (3), (4), and (5).

i = o(Wix; +Uhe_q + by) (3)
Ce=fexcrqg i *C %)

where ¢, is a vector with values confined to the range [-1, 1], i; is a vector with values
confined to the range [0, 1], * denotes element-wise multiplication, and W;, W¢, U;, Us, b;

and b, are a set of learnable parameters (Salman et al. 2018, 92).

The memory cell state ¢, is essential for effectively learning long-term dependencies in
LSTM networks. Its linear interactions with other components of the LSTM cell allow it to
retain information across long time intervals without alteration. (Van Houdt, Mosquera &

Napoles 2020, 5931-5933) This property is particularly beneficial during the training
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process, as it helps to reduce the challenges of exploding and vanishing gradients that often
arise during backpropagation (Pietila & Lim 2012, 999). Lastly, in the output gate layer, the
memory cell state c, is processed using the tanh function, while the input data h, — 1 and x,
is filtered with a sigmoid function. The output data h, is obtained by multiplying the results
of the sigmoid function and the tanh function. (Kumari & Toshniwal 2021, 10) The output

gate layer can be represented using Equation (6) and Equation (7).

or = o(Wox; + Uyhi_q + by) (6)

h: = o; * tanh(c;) @)

where o, is a vector with values confined to the range [0, 1], and W,, U,, b, are a set of

learnable parameters, o is the logistic sigmoid function and tanh hyperbolic tangent function
(Zhou et al. 2024, 4).

Furthermore, multiple LSTM layers can be stacked on top of each other to enhance the
model's capacity. In a stacked LSTM architecture, the output h = [hy, ..., h,,] from the first
layer serves as the input for the subsequent layer. (Abbasimehr, Shabani & Yousefi 2020, 7)
The final prediction y is calculated by connecting the output of the last LSTM layer at the
final time step h,, to a dense (fully connected) layer. This dense layer transforms the output
into a single neuron, which is responsible for producing the final prediction. (Diniz et al.

2024, 7) The computation for the dense layer can be represented by the following Equation

(8):

y = Wgyh, + by (8)

where y represents the final discharge prediction, h,, is the output of the last LSTM layer at
the final time step (derived from Eq. 6), W, is the weight matrix of the dense layer, and b,
is the bias (Kumari & Toshniwal 2021, 8).
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3.3. Support Vector Regression: A Specialized Approach in SVM

Support vector machine (SVM) is a flexible and powerful machine learning algorithm that
can be used for a range of tasks, including linear and non-linear classification, regression,
and even outlier detection (Awad & Khanna 2015, 39). It is part of traditional regression
models. Initially introduced by Vapnik in 1982, SVM has become popular because of its
ability to model complex decision boundaries and its effectiveness in managing high-
dimensional data (Vapnik 2013). SVMs identify the best hyperplane that maximises the
distance between different class data points (Cosma et al. 2017, 7). The margin refers to the
distance from the hyperplane to the closest data points of each class. These closest data points
to the hyperplane are known as support vectors, and they are crucial for defining the decision
boundary, helping the model generalise effectively to unseen data. (Mallik et al. 2023, 136)
The basic idea behind the SVM model is drafted in Figure 8.

Optimal Hyperplane

4
Support Vector /Q:

\

Figure 8. SVM classification with optimal hyperplane (adapted from Awad & Khanna 2015,
11).

Since SVM focuses on support vectors, it is also less sensitive to small amounts of outlier
data (Gambella, Ghaddar & Naoum-Sawaya 2021, 814). When dealing with datasets that
have non-linear relationships within the data, SVM utilises the kernel trick (Ghosh et al.
2018, 90). This method converts the original data into a higher-dimensional space, allowing

a hyperplane to effectively separate the different classes (Cosma et al. 2017, 7). Common
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kernel functions, such as the polynomial kernel and the radial basis function (RBF) kernel,
enable SVM to identify non-linear relationships. (Ghosh et al. 2018, 91). SVMs are widely
used in various fields because they can effectively model both linear and non-linear decision
boundaries with high accuracy (Cosma et al. 2017, 7). Their flexibility and robustness make
SVM a reliable choice for classification and prediction tasks, such as text classification,
image recognition, bioinformatics, and financial forecasting (Ghosh et al. 2018, 109; Xu et
al. 2024, 9). As this thesis tries to find a prediction model for estimating delivery days, the

SVM model needs to be further developed into a regression model.

Support vector regression (SVR) is an extension of the SVM algorithm specifically designed
for regression tasks (Gambella, Ghaddar & Naoum-Sawaya 2021, 814). Unlike SVM, which
is primarily focused on classification, SVR aims to find a function that best approximates
the relationship between independent and dependent variables while minimizing prediction

errors. (Comito & Pizzuti 2022, 6). The optimization problem is formulated as:

min [wll® + C T, & + & )
Subject to:
yi—wip(x)—b < e+ (10)
wig(x)+b—y; < e+& (11)
§,5 =0, i=1,..,n (12)
Where:

- w is the weight vector

-y, true output for input x;

- b bias term

- eepsilon tube width

- ¢(x) mapping of the input x into a higher-dimensional feature space

- &, & slack variables for points outside the e-tube
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- Cregularization parameter (Awad & Khanna 2015, 71)

Just like SVM, SVR solves non-linear regression problems by mapping input data into a
higher-dimensional feature space using a kernel function. In this transformed space, a
regression function is then created to approximate the data. (Comito & Pizzuti 2022, 6) To
be more specific, Kernels are used to calculate the dot product ¢(xi)T¢(xj) in the high-
dimensional feature space without explicitly transforming the data (Ghosh et al. 2018, 91).
The kernel function and the regression function derived from it vary greatly between kernels.
Kernels can be linear or non-linear, and they are selected based on the data modelled. (Ji et
al. 2022) In Table 2 three different kernels and resulting regression functions are presented,
where o represents kernel width parameter, y scaling factor, r coefficient term and d degree

of the polynomial.

Table 2. Commonly used kernels and related functions (Awad & Khanna 2015; Ghosh et al.
2018; Zhuang & Hu 2017)

Kernel Kernel function Regression function

Linear kernel K(xi,x;) = x] x; f) =wix+b

n
Polynomial kernel K (x;,x;) = (yx[x; + )™  f(x) = 2 (a; — a))(yx{ x; + ) +b
i=1
. _||"i"‘j||2 ||xi-xj”2
Gaussian kernel K(x;,xj) = e 20 flx) =Y (a; —a)e 202 +b
(RBF)

Subjectto x;, x;€R%, r =0, n>1ando >0

To reiterate the core concept of SVR, as introduced by Vapnik (2013), it aims to approximate
a continuous-valued function by identifying a function that predicts outputs within a defined
tolerance (¢) while minimizing the prediction error. To achieve this, SVR models introduces

a region known as the epsilon (g) tube, which defines a margin of tolerance around the
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regression function (Keyvanpour & Shirzad 2022). Within this zone, errors are not penalised,
allowing for more flexibility in the model. However, some data points also fall outside of
the epsilon tube. With such cases, slack variables & are introduced to account for deviations
outside the tolerance range. (Gambella, Ghaddar & Naoum-Sawaya 2021, 814) In other
words, SVR employs an e-insensitive loss function that penalizes predictions only when they
fall outside the e-tolerance zone. This approach allows the model to focus on capturing
significant patterns in the data while ignoring minor deviations. (Abraham et al. 2021, 380)

Epsilon-insensitive loss function is determined in Equation (13).

o=, JE=s (13)

|€] — e, otherwise.

where ||, represents the loss under the e-insensitive regime, & the prediction error and €
epsilon tube width (Gambella, Ghaddar & Naoum-Sawaya 2021, 814). Figure 9 visually
represents the SVR model, including support vectors, fitted data points, the epsilon tube,

points both inside and outside the tube, and slack variables.

Support
Vector

Support
Vector

Support
Vector

Figure 9. SVR model structure (adapted from Awad & Khanna 2015, 68-73)
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SVR is widely used in various fields, including finance, bioinformatics, and engineering,
due to its capability to model linear and non-linear relationships and manage high-
dimensional data (Ji et al. 2022). It is particularly effective for tasks such as time series
forecasting, demand prediction, and system optimization. This method balances accuracy
and computational efficiency well, making it a valuable tool for regression problems. (Ghosh
et al. 2018, 102)
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4. Understanding of Business, Data and Methodology

The success of any data-driven project starts with a comprehensive understanding of the
business context and the available data (Meier et al. 2023, 2). In this chapter, we explore the
operational landscape of Company X, focusing specifically on its order-to-cash (O2C)
process. This process is essential for their customer service and fulfilment operations. As a
data-rich area, it provides valuable insights into key performance indicators and identifies
operational bottlenecks. (Ké&arid & Shamsuzzoha 2023, 163) One significant challenge in
Company X's O2C process is managing its backlog. By analysing this backlog, we aim to
identify patterns of lateness, deviations from the first promise delivery date, and trends in
the on-time delivery KPI. Together, these factors help assess the company's efficiency and

reliability.

This chapter establishes the business context and emphasises the importance of the O2C
process and backlog management within Company X's operations. It then moves on to
discuss the data sources used, their structure, and the key variables that influence the
analytical process. Lastly, data preparation, processing and model optimisation will be
described in detail. Collectively, these elements lay the foundation for exploring the

challenges and opportunities within the O2C workflow with estimation models.

4.1. Business and Process Understanding

This chapter focuses on the Order-to-Cash (O2C) process of Company X. A critical
component of this process is the backlog, which represents the unfulfilled orders that are yet
to be delivered or invoiced (Deng, Nichols, & Sun 2020, 351). In order to understand the
thesis context and goals, it is useful to observe both Company X, its current practices and its

data domain.
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4.1.1. Case Company Description

The study focuses on the aftermarket business of Company X, where the product catalogue
consists of spare and ware parts for machines. The spare and ware parts business is not
seasonal, but product sales may fluctuate due to the economic cycle. The size of the products
does differ a lot, but in this thesis, orders are not evaluated by the size or weight of the
products. Volume in each order is, however, part of the model. A sales order can have one
or multiple line items referred to as schedule lines. These schedule lines divide sales orders
by delivery date and quantity. Within one shipment, there might be multiple pieces of the
same or different spares or wares. Based on both backlog health and on-time delivery KPI,
the schedule lines are equally valuable, as all orders are based on a customer agreement and
a delivery promise. Within this thesis, schedule lines are referred to as sales orders or order
lines, and the prediction model built will estimate the ship date for each line individually. A
broader understanding of the business can be attained from the interview summary with the

senior manager of KPI and Analytics in Appendix 1.

4.1.2. 02C Process

A sales order backlog is a list of open customer orders yet to be delivered. (Yan et al. 2010,
261) Backlog management within the order-to-cash (O2C) process is vital for operational
efficiency at Company X, facilitating the smooth fulfilment of customer orders from
receiving customer orders to invoicing. The O2C process is usually preceded by the inquiry-
to-quote (12Q) process, which covers the initial stages of the sales cycle, starting with a
customer inquiry and ending with the delivery of a quotation or proposal. In this 12Q step,
Company X prepares and provides a detailed quotation or proposal outlining the product
specifications, pricing, terms, and conditions. A sales order is created in SAP once an
agreement is reached with the customer (an order is received). Order creation starts the O2C
process. When an order is saved in SAP in the final steps of order booking, a first promised
delivery date is generated to set delivery expectations for each order. The saved sales order

is then added to the sales order backlog, which tracks all open orders awaiting fulfilment.
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The order may follow different paths depending on stock availability and whether the item
is sourced locally or globally. These different high-level paths are highlighted in Figure 10.
Complex items, which often require external or internal purchasing, engineering, or
manufacturing, add layers of operational complexity. As this thesis focuses on more complex
items that usually require purchasing and are not available in stock, the second and the fourth
paths in Figure 10 describe the O2C process discussed in this thesis well. Global stock orders
add complexity to the overall process by enabling sales and sourcing on a global scale. This
complexity is demonstrated by the connected order process, which allows Company X to
source, manufacture, and deliver products from different locations around the world to any

destination.

Parts available Goods
in local stock L. issue
Logistics

Parts not
available in
Receive local stock

order Purchasing —>  Logistics

@_} Order | > Invoicing _)@
booking Parts available

in global stock Connected
L ———
order process

—>  Logistics

Parts not

available in

global stock Connected
order process

—> Purchasing —> Logistics —

Figure 10. High-level view of O2C delivery process in Company X

Once an order is placed and any necessary connective process actions are completed, the
purchasing process begins. The purchasing process step may involve engineering,
configuration, and manufacturing either externally or internally at Company X. Once the
goods are ready for shipment, the purchasing process concludes, and logistics takes over.
Logistics involves several steps: picking and packing the goods in the warehouse to prepare
them for shipping, creating a goods issue to indicate when the items are ready for shipment
(this date is used for measuring on-time delivery), and coordinating transportation with a
logistics service provider. On-time delivery (OTD) is calculated by comparing the initially

promised delivery date to the goods issue date. This means that the item is considered closed
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from the backlog once the goods issue is completed. Therefore, transportation is not included
in the on-time delivery calculation; the KPI focuses on when the item is ready to be shipped
on time rather than when the customer will receive it. The transportation lead time is
monitored separately in Company X. Invoicing, the last process step for O2C, occurs only
after the item is shipped out and the goods issue is done. Thus, invoicing is not part of the
backlog management activities nor OTD calculation, but it is a mandatory step in the O2C

process.

According to the senior manager of KPI and analytics, the preferred O2C process at
Company X, also known as the happy flow, is the series of steps illustrated in Figure 11. The
figure shows all the main steps an order goes through in SAP, including parts of the 12Q
process and invoicing. The quotation and proposal phase is not mandatory and may not occur
atall, as illustrated in the figure. The backlog data used in this thesis to predict delivery dates
consists of information saved to a sales order in SAP upon order creation and release. This
means that the prediction models are fed neither log change information nor the so-called
location of an order measured by the process flow chart. However, the data does contain date
information on when Company X should create delivery, picking and shipping to meet the
first promised delivery date. Even though the log changes are not known, during the O2C
process, the information relating to the order might change. There could be blocks relating
to, e.g., delivery or customer credit limits; delivery details might change closer to delivery,
a customer might request additions, delays, or changes, and quantities may change within
one shipment due to availability issues. P2P process-related information is not currently
linked to the O2C process in Company X. This explains why all purchasing steps are missing
from the happy flow. This is also why this thesis cannot use purchase-related information
and steps to assist in estimation. Despite this, an attribute describing bottlenecks relating to
the overall process for each order line is available, including purchasing phases. Especially
in the case of a delay, the attribute in question can assess which party (process step) is

responsible for the delay.
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Figure 11. Happy path for O2C process in SAP

Key performance indicators for the O2C process in Company X include backlog health,
logistics on-time arrival, and on-time delivery. The company seeks to improve its delivery
performance within the O2C process, with a specific emphasis on the OTD KPI. To achieve
this, the company wants to estimate when sales orders will be delivered while the order is
still open. This proactive approach will allow Company X to address SOs predicted to be
delivered late, improving backlog monitoring alongside the backlog health KPI. As backlog
health and OTD KPIs are personalised KPIs in Company X, the next chapter will review

both calculations.

4.1.3. Company X’s Sales Order Backlog

This thesis tries to find a reliable prediction model to predict when the order line will be
shipped. The model uses the company's open sales order backlog as a data source. Sales
order backlog refers to order lines that remain unfulfilled in the current period but are set to
be executed in future periods. In other words, a sales order backlog is a list of open customer
orders yet to be delivered. (Yan et al. 2010, 261) Order backlog serves as a leading indicator
of a company's future sales and earnings as it portrays customer demand. For instance, many
studies suggest that backlog provides key insights for investors by holding value-relevant
information on future cashflows. (Simchi-Levi, Kaminsky & Simchi-Levi 2008) In addition
to financial health, order backlog offers key insights into a company's operational efficiency,

production capabilities, and market demand trends (Baik & Ahn 2007).
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The size of a sales order backlog can reflect the specific conditions of a particular industry
or business. A sales order backlog is expected if a company sells items with long lead times,
such as make-to-order, configure-to-order, and engineer-to-order items. (Vollmann et al.
2017) The case company in hand provides a wide range of orders to its customers. As the
thesis focuses on the aftermarket spare and ware parts for machines, the items vary from
make-to-stock to engineer-to-order. The open sales backlog of the company's aftermarket
business mainly consists of long lead time orders or orders where the item is out of stock.
Thus, a considerable amount of aftermarket orders go through the backlog. The material
catalogue of the case company consists of over a million different spare and ware parts.
Some items may have a constant and high demand, and some may be specifically engineered
to a specific customer need. This implies that the lead times maintained in the firm's master
data may also vary heavily. Even though an item would require engineering, the company

should be able to estimate a reliable delivery date. (Appendix 1)

When it comes to changes in the typical backlog levels of a company, a growing order
backlog can be seen as positive news, indicating greater customer demand and an increase
in future sales potential (Banker et al. 2024). A growing trend in the order backlog may also
signal concerns. While a backlog increase can suggest strong demand, it may also reveal
supply chain bottlenecks or inefficiencies in production (Choi 2014). When left unnoticed,
it can eventually lead to longer delivery times and customer dissatisfaction (Baik & Ahn
2007). An increase in backlog can reflect both positive and negative developments, and the
same applies to a decrease in backlog. A decline in the number of order lines in the sales
backlog can either signal a drop in demand or reflect improved operational efficiency within
the company. (Slack, Brandon-Jones, & Burgess 2022) For instance, improvements in the
02C process can lead to increased efficiency and shorter lead times. Additionally, enhanced
data quality or automated communication can save time for cross-functional teams on day-
to-day tasks, resulting in reduced processing time (Schmidt & Wilhelm 2000). While the
size and the changes in a backlog are secondary to the focus of this thesis, these may be

aspects that a machine learning model could detect.
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The various aspects of backlog emphasise the importance of monitoring it closely and
underscore the need to integrate backlog data into broader performance metrics for more
comprehensive analysis (Croxton 2003). This thesis provides one new capability for the

company to manage their order backlog.

4.1.4. Lateness in Delivery

In the case of Company X, the lateness of an order is measured against the first promised
delivery date, according to the senior manager of KPI and analytics. The first promised
delivery date is an SAP estimation of when the order could be shipped out. Whenever an
order is created and saved in SAP, the software automatically calculates and records the ship
date for each schedule line individually as soon as the schedule line has confirmed quantities.
Once the date is recorded, it cannot be modified afterwards. The date considers customers'
requested delivery dates, material availability, lead time for materials, and route schedules,

which primarily include only warehousing durations such as pick, pack and loading times.

Within the company in question, the first promised delivery date is the date communicated
to the customer as the promise of shipping. Thus, the performance of fulfilling the order lines
in a timely manner is measured against this date. In other words, both on-time delivery and
backlog health calculations are based on this date. In the case of OTD, the company records
the originally promised delivery date and compares that against the date it managed to ship
out the order. If the company does not manage to keep its promises, the closed order will be
considered late. Backlog health, on the other hand, evaluates whether or not an open sales
order's promised delivery date has already passed. An order is considered unhealthy if the
promised date has already passed. You can read more about the definitions of OTD and
backlog health in Chapter 4.1.5.

Although the name of the recorded first promise delivery date is a bit misleading, it defines
the first possible date the company can ship the order from its operative warehouse or plant.
It does not relate to the date the customer receives the order. In the context of this thesis, the

delivery date refers to the ship date. It should also be noted that in Company X, OTD does
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not take into account the actual transit time for an order from its location to the customer.
After the goods are shipped out, the goods receipt is recorded. This goods issue (Gl) is
completed when the goods are physically moved from the warehouse or plant after the
delivery has been fully picked. When Gl is finalised, the order is closed from the open sales

backlog, and it is recorded to on-time delivery data with a mark to OTD performance.

4.1.5. Operational KPIs

This chapter examines the current methods for measuring backlog health and OTD,
highlighting their strengths, limitations, and interdependencies. Backlog health in this thesis
context is a KPI created within Company X. It emphasises the number of orders in open
backlog with their first promised delivery date set in the future compared to those with a date
already in the past. The first promised delivery date is a date when Company X promises to
deliver the scheduled line to the customer. The date does not change. If the company has not
yet exceeded an order's first promise delivery date, it is categorised as healthy. If the first
promised delivery date is in the past, the sales order is categorised as unhealthy. Company

X calculates backlog health as simply as follows:

# of healthy open orders

Backlog health = * 100 (14)

#of all open orders

In Company X, the key performance indicator OTD measures the percentage of orders
delivered on or before the first promised delivery date out of all orders. After the delivery is
confirmed and Gl is done, the order gets transformed to OTD data. With a new closed order,
the KPI gets updated to reflect whether the order met the customer's expected delivery date.
Orders that are delivered on time positively impact the OTD metric, while late deliveries
negatively affect it. OTD is presented in Equation (15).

# of closed orders on time

OTD =

100 (15)

#of all closed orders
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As the two main operational KPIs in Company X, both backlog health and on-time delivery
use the same exact date stamp to determine performance. Thus, it can be said that if an order
is unhealthy in the backlog, it will negatively affect OTD once it gets delivered. However,
these calculations cannot indicate in advance if the sales order in question is estimated to be
delayed. If this thesis is successful, the backlog health KPI can be re-evaluated. Should an
item be healthy if it will clearly miss the customer promise with enough certainty? Should a
new critical category be created, which includes sales where the promised delivery date is
forthcoming, but the estimate strongly suggests a delay? This topic is considered further in

the conclusion section.

4.2. Data Collection

Data related to the order-to-cash process, specifically regarding the open backlog of order
lines, has been recorded weekly over the past years in an SQL database at Company X. This
thesis will analyse six months' worth of historical snapshots of the open sales backlog data
from the beginning of 2024, specifically from the beginning of January to the beginning of
June, with one snapshot taken each month. The backlog includes several products with long
delivery times, as noted previously. Since the historical snapshots reflect the entire open
backlog at the time each snapshot was taken, the prediction task also encompasses sales that
may have been created before 2024, which involve longer lead time items. Thus, this
research does not solely focus on items created and delivered within that six-month period.
This six-month period was chosen for two reasons. First, Company X faced an issue with
generating the "first promised delivery date" in 2023, which was resolved in the fall of that
year. Although the incorrect "first promised delivery dates” were corrected by the end of
2023, backlog records from the fall may still contain these incorrect dates. Company X's
transition to a new SAP system is the second reason for this time constraint. This transition
began in the fall of 2024, which is why June was selected as the final month for this

prediction task.

The data has been sourced from the company's SAP ECC system. This thesis includes all

information recorded at the sales order item level in SAP for the prediction model. The actual
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goods issue date is linked to each order line to train the model. The real delivery dates or
goods issue dates are documented in the OTD dataset, which contains all orders for which
goods have been issued. The actual Gl date is linked to each sales order based on the
scheduled line order number. No additional data tables were used in the prediction model.
This thesis tries to identify whether the information related to a sales order in SAP is enough
for reliable prediction or if Company X needs to connect other data tables to the model.
Currently, the linking of O2C and P2P processes is still underway in Company X, making it
impossible to collect data extensively across the entire delivery process for the model. For
this reason, Company X wants to understand how to analyse and utilise the available backlog
data better. Since the backlog data is relatively stable and the information associated with
each schedule line in SAP does not change significantly over time, the prediction is a
regression task and not a time series prediction. Therefore, the historical backlog data is
consolidated into a single dataset that only includes the most recent record for each order

line.

All retrieved attributes describe the sales order differently. There are categorical and
numerical attributes as well as dates available. All the data attributes are listed in Appendix
2. To ensure clarity, the variables customer, company code, sales organisation, and yfirstdate
are defined and explained in detail. Customer represents the customer number of the entity
purchasing goods or services from Company X. All orders in the scope of this study are
placed by external customers. Company code refers to a legal entity within the organisation,
which is used to manage financial records and business operations. It is tied to specific areas.
This attribute distinguishes transactions and performance among different divisions within
the Company X. Lastly, yfirstdate is an abbreviated name for the first promised delivery

date. That is the original delivery date estimated upon saving the order.

4.3. Data preparation

Within the next chapter, this thesis goes through the detailed steps of data preparation done
before method implementation. Accurate and reliable data preparation is critical to enable

optimal model performance (Omolara et al. 2021, 15092). As the first step of data
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preparation, the essential data is selected by refining and filtering the data to ensure relevance
and confidentiality. This involved the initial phase of feature selection, which was conducted
together with the senior manager of KPI and Analytics. The process was guided by their
understanding of the data-generating O2C process in Company X and aligned with research
objectives. It involved identifying variables that were either constant across observations,
lacked variability, or were not directly relevant to the task of estimating delivery time. These
columns, which were defined as unnecessary and included customer names, product
descriptions, billing and credit ID information, and notes attached to orders in SAP, were
removed from the dataset. However, all key identifiers, such as customer and product
numbers, were retained. Although this method relied primarily on expert judgment, it

established a solid foundation for subsequent statistical analysis and model training.

The dataset consists of monthly snapshots taken from January to July 2024, capturing the
state of the sales backlog at the beginning of each month. These snapshots were merged into
a single comprehensive dataset. To eliminate duplicate entries, only the most recent
observation for each order line was retained by removing rows with identical order numbers.
All financial values were randomly altered to maintain confidentiality, ensuring that
sensitive information remained secure while preserving the data’s usability for modelling.

The following filters were applied to align the data with the objectives of this thesis:

- Only external customer orders were considered. A significant portion of the backlog
consists of internal orders, which involve items transferred between different
Company X locations. These orders are managed by a separate team and fall outside

the scope of this thesis.

- Project-related orders were filtered out, and the material ID group was restricted to

specific material categories concerning spare and ware parts.

- The prediction was limited to the business areas in the Aftermarket, including only

those business lines recognised within the Aftermarket.

- Consignment fill-ups were excluded from the data. These documents represent
Company X-owned stock stored at customer locations, which are not considered

standard backlog items.
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- Only orders with a first promised delivery date were included in the model. The date
is critical for understanding backlog items’ timeline and planning horizon. Orders
lacking a first promised delivery date were excluded as they might not yet be within
the planning horizon or could be blocked due to credit-related restrictions upon

saving.

- Company X has ceased operations in a few countries, but some open orders may still

exist in the system under the “Other” market area. These entries were filtered out.
- Only orders relevant to logistics, i.e., on the planning horizon, were included.

- Only standard document types are included. It ensures that orders follow a consistent
handling process, excluding orders regarding returns, credit notes, or warranty-

related free-of-charge orders with customers.

After initial filtering and scoping of the data, 34536 observations and 85 variables were
found. Each variable in the dataset was reformatted to its appropriate data type — categorical,
numerical, or date. A few attributes were changed to binary columns to simplify certain
variables and enhance interpretability. Variables that indicated whether an order had or
lacked a specific value unique to each order were transformed into binary indicators.
Similarly, binary columns were introduced to capture this distinction for variables containing
a single categorical value alongside missing values. It was done only to attributes where
missing values were meaningful. For example, blank values in variable POTypeYA
indicated that the item had no customer-requested delays, whereas orders with a value in

POTypeYA had an agreed delay.

Feature engineering with date attributes played a critical role in extracting temporal insights
for prediction. The first promised delivery date was used as the base reference point, and
additional features were derived by calculating the time differences between this date and
other date-related attributes. This transformation facilitated the model’s ability to capture
timing-related patterns. The date attributes were removed after this feature engineering.

Furthermore, the target variable Y was created by comparing the first promised delivery date
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with the actual goods issue date, providing a clear metric for evaluating delivery

performance.

Several attributes were removed from the dataset to streamline the analysis and enhance its
relevance. Expressly, the PurchaseOrder attribute was excluded due to the presence of
numerous random purchase order numbers lacking analytical significance.
OrderManagementStatus attribute was removed because too few rows contained meaningful
values, rendering it unsuitable for interpretation. The DeliveringOrders attribute was
excluded due to an excessive number of random order numbers that did not contribute to
actionable insights. The AccountGroup attribute was removed, as most entries related to
external customers limited its variability and utility. The categorical DocumentCategory
variable was also removed because, after eliminating outliers, it contained only one category
of information. Additionally, the WorkOrder and DeliveryBlockSalesArea attributes were
excluded because they were not present in any orders, making them insufficient for
generating statistically significant insights. Finally, BillingPlan,
ScheduleLineBlockForDelivery, BillingBlockStatus, CreditBlockReason, and
DeliveryBlockSalesArea were removed due to a high number of missing values. In the data,
each row did not need a specific identification number; thus, OrderNumber was removed.
Before the removal, OrderNumber was engineered into the SalesOrder attribute, where all
the unique line numbers were combined based on the parent sales order. This way, orders
relating to each other can be tracked during model training. These decisions were made to
ensure that the dataset remained focused, interpretable, and conducive to actionable

outcomes. The rationale for these deletions is discussed further in later chapters.

4.3.1. Missing Values and Qutliers

As the second step, data quality issues were addressed through a process of data cleaning.
Outliers and missing values in the variables were managed based on the findings from the

exploratory data analysis obtained through an analysis of the selected data using Matlab.
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In the dataset, there are multiple attributes with missing values. Review Table 3 to see the
attributes with over 10% of observations missing a value. For attributes like DeliveryBlock
and other types of blocks, missing values are meaningful as they indicate that no delivery
block was applied for that order. With these kinds of categorical attributes where the missing
values represent a meaningful absence, missing values were encoded either to a default
category (e.g., ‘NoBlock’) when the attribute had multiple block options, or the whole
attribute was changed into a binary column as explained in previous section 4.3. Some of
the variables represent optional columns in SAP that are not required to be added to the sales
order but which, once added, should have a significant impact on the order in question and
its delivery. Such variables as RouteSchedule, ForwardingAgent, and SpecialProcurement
can be found in the dataset. To elaborate, RouteSchedule, for instance, defines the day or
days of the week when loading is to take place in a warehouse. In these cases, deliveries can
only leave the warehouse on the given day; thus, GI can only be done once a week. Missing

the specific loading date, even by a date, will automatically lead to a week’s delay.

Based on Table 3. the WorkOrder and DeliveryBlockSalesArea attributes contain only
empty observations; thus, they are removed from the model. In addition, the attributes
BillingPlan, ScheduleLineBlockForDelivery, BillingBlockStatus, CreditBlockReason, and
DeliveryBlockSalesArea were removed from the dataset due to their extremely low
representation, especially after outliers and missing values were addressed. Specifically,
these attributes had values for a maximum of 100 orders out of the total after outliers were
removed, making their contribution to the model negligible. Furthermore, before removing
the attributes ScheduleLineBlockForDelivery, BillingBlockStatus, and CreditBlockReason,
orders containing values in these attributes were removed entirely. This decision was made
because the few hundred orders associated with these attributes represented an “unhappy
flow” and could introduce noise or unnecessary complexity into the prediction model,
potentially affecting its performance. With only so few observations, these attributes may
not have enough statistical significance to contribute meaningfully to the regression model.
Thus, their influence on the model could be disproportionate due to its limited size and
unique nature. The removal ensures that the prediction model focuses on the majority flow

and produces more generalisable results.
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Table 3. Attributes with over 10% of observations missing a value

Attribute Number of Percentage of
missing values missing values

OrderReason 14570 42.2 %
OrderManagementStatus 34426 99.7 %
Contact 6290 18.2 %
DeliveryPriorityHeader 26316 76.2 %
DeliveryltemCreationDate 26316 76.2 %
SpecialProcurement 32930 95.3 %
ShippingType 19222 55.7 %
PlanningStrategyGroup 23560 68.2 %
MRPGroup 17358 50.3 %
PurchasingltemCategory 31011 89.8 %
StorageLocation 28215 81.7 %
RouteSchedule 15725 45.5 %
DeliveryBlock 31864 92.3%
ScheduleLineBlockForDelivery 34370 99.5 %
DeliveryBlockSalesArea 34536 100.0 %
BillingPlan 34372 99.5 %
BillingBlock 33601 97.3%
BillingBlockStatus 34516 99.9 %
CreditBlockReason 34149 98.9 %
ForwardingAgent 18649 54.0 %
WorkOrder 34536 100.0 %
FollowUpDocument 28367 82.1%
SpecialStock 27963 81.0 %
ReferenceDocument 14931 43.2%
SalesGroup 7623 22.1%

For the numerical attributes that had missing observations, we opted to remove those entries.
The attributes in question — ConfirmedQuantity, TimeBilling, TimeRequested, and
TimeConfirmed — only had a small number of missing values, with a maximum of 16

observations in total. The decision was made because each sales order needs to include these
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dates and information in order to be considered relevant for delivery. The only exception to
this decision was made with TimeDeliveryltem. The attribute was engineered with
DeliveryltemCreationDate, which is missing a total of 26316 values. This was included in
the configuration so that all NaN values were set to 0. The configuration was done because
DeliveryltemCreationDate is seen as a credible attribute in verifying the accuracy of the

delivery estimate.

Outliers with numerical attributes were identified using boxplots and the z-score method.
Initially, the z-score method was applied to optimise the dataset by removing extreme
outliers. The method measures how many standard deviations a value deviates from the
mean of the attribute. (Jamshidi et al. 2022, 4) A value was classified as an outlier if it
exceeded three standard deviations from the mean — the absolute z-score is above 3 (Yaro et
al. 2024, 2). With this method, 2732 rows were removed as outliers. Outliers were found
with each numerical attribute. However, the proportion of outliers is relatively low, as a
maximum of 2 percentage of observations were determined as outliers in each attribute with
the set interval of three standard deviations. Following this, boxplots were used to visually
inspect the data for additional potential outliers. After analysing the graphs, additional
observations were removed from eight attributes. Only 69 observations were ultimately
removed as an outlier with boxplots. While boxplots provided valuable insights into the
distribution of the data, not all outliers identified through the graphs were removed. This
decision was intentional, as certain data points, while appearing as outliers, could still carry
meaningful information relevant to the analysis. Boxplots displaying the data before and

after additional data grooming are shown in Figures 18, 19 and 20 within Appendix 3.

Table 4. Proportion of differences in days between actual and promised delivery dates

Percentage
Category of cases
Delivered before the first promise delivery date (On-time) 26.91 %
Delivered on the first promise delivery date (On-time) 55.76 %

Delivered later than the first promise delivery date (Late) 17.33 %
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Table 4 presents the proportions of cases delivered before, after, and exactly on time
regarding the first promised delivery date. These proportions are based on the complete and
initially filtered dataset from the selected six-month period. Based on the scope of this thesis,
the OTD for the delivered orders was 82.67 %. After the removal of outliers and missing
values, the OTD increased slightly to 85.97 %. A histogram highlighting the target value

distribution is separately presented in Appendix 3 in Figure 21.

4.3.2. Correlation for Numerical Features

A correlation matrix was employed to assess the relationships between numerical attributes
and the numerical target variable. This approach quantifies the strength and direction of
linear associations among the variables, providing valuable insights into their
interdependencies (Gwelo 2019, 81). The correlation matrix in Figure 22 in Appendix 3.
illustrates the linear relationship between pairs of numerical features. It illustrates the
correlation between each pair of numerical features, as well as the association between each
numerical feature and the target attribute. An analysis of cross-correlation among numerical
features is also conducted to identify highly correlated pairs. It is done in order to find
possible suggestions that one of the features is redundant. The Target time variable shows
moderate to weak correlations with most other variables, but it has a stronger positive
correlation with TimeExpected (0.7595), TimeDue (0.7642), TimeMaterial (0.7614),
TimeRequested (0.6359), TimeDeliveryltem (0.7974) as well as with Confirmed time
(0.7658). This indicates that the above time-related attributes might play a significant role in
predicting delivery time. The only other noticeable correlation with Target appears with lead
time estimation, LTEstimation (-0.264), where a relatively low but negative correlation can
be found. It suggests that as one variable increases, the other tends to decrease slightly, but
this trend is not consistent. Although the correlation is fairly weak, this negative trend creates
interesting questions relating to the master data quality and original lead time estimation

accuracy.

When focusing on cross-correlation among numerical features, it is noted that the data has

strong correlations between variables related to quantities. More precisely, OrderedQuantity,
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ConfirmedQuantity, QuantityOpen and ClaimedStocksQuantity are highly correlated with
one another. This outcome is not particularly surprising. The first attribute indicates the total
amount the customer ordered, the second attribute reflects how much is confirmed for
shipment in one delivery, the third reflects how much of the quantity is open, and the fourth
attribute shows the quantity Company X has collected in stock for the specific order. If there
Is no issue with the availability of an item, the ordered quantity should match the confirmed
quantity. Then, when an order is ready to be shipped out, the confirmed quantity should
match the claimed stock quantity. The QuantityOpen variable has been determined to be
redundant and will be removed from the model, as it typically provides the same assurance
as the ConfirmedQuantity. In addition to quantities, time-related attributes are heavily
correlated with each other. TimeExpected, TimeDue, TimeMaterial, and TimeConfirmed all
have a positive over 0.95 correlation with each other. Such a high correlation suggests that
these attributes move in near-perfect synchronisation, meaning that when one time variable
increases or decreases, the others predictably follow. There are only two time-related
attributes that do not follow the trend. The first is LTEstimation, which has low to moderate
negative correlations with all time-related attributes. The second is TimeDeliveryltem,
which exhibits lower but still strong positive correlations. All time-related attributes are
considered essential for prediction with a significant correlation to the Target variable, so

they remain in the model.

SalesValue and NetWeight also bring a stronger positive correlation with each other
(0.5936). It can be said that larger and heavier components are often more expensive, too.
Some variables, such as InputAllocation, SpecialStock and BillingPlan, appear to have
minimal correlation with other features. This might indicate that they might not contribute
significantly to predictions. Weak correlations can contribute to an estimation model when
combined with other features. Highly correlated features, on the other hand, might introduce
multicollinearity issues in regression-based models, so further statistical checks (e.g.,
principal component analysis) might be needed (Gwelo 2019, 80-84). However, ML models
such as random forests, gradient boosting, and neural networks (like LSTM) do not depend
on strict linear assumptions regarding feature relationships. As a result, they are less affected
by multicollinearity compared to linear models. (Kalusivalingam et al. 2020, 1-3) If the

study’s goal is prediction rather than interpretability, multicollinearity might not be an issue
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if the correlated features enhance performance. For instance, redundancy can even aid in
stabilising predictions in tree-based models or neural networks. (Gwelo 2019, 79) Models
such as linear regression, logistic regression, and SVR assume that the features are
independent of one another (Daoud 2017, 1). Thus, the SVR model is also trained with an
RBF kernel that aims to take into consideration possible non-linearity (Oliveira 2006, 1).
Having a few highly correlated attributes is generally acceptable with a large dataset and

when focusing on a prediction task.

The correlation matrix showed that almost none of the features outside the time-related
attributes exhibit a clear linear dependency on the Target variable. Scatterplots were
employed to visualise the relationships for each numerical feature and target further in
Figures 23 — 37 in Appendix 3. It should be noted that a correlation matrix and scatterplots
were done to data where outliers were removed. The scatterplots show a complex pattern
rather than a straightforward linear relationship between the Target and other time
attributes. There is a distinct positive diagonal pattern extending. However, several data
points are also concentrated around Target = 0, suggesting many cases where the Target
remains unchanged regardless of values with other time attributes. In addition to this kind of
horizontal banding, vertical lines are also visible. Perhaps some other variable can explain
the three kinds of lines — linear, vertical, and horizontal — visible in the scatterplots for time
attributes. The data might be clustered due to specific conditions or processes that could be
found from the categorical variables. Other numerical attributes verify the same

phenomenon of having both vertical and horizontal lines in one scatterplot.

4.3.3. Numerical Attributes

Table 5 presents the descriptive statistics for the numerical attributes before the removal of
outliers. The table shows mean, median, minimum, maximum, standard deviation, skewness,
and kurtosis. A noticeable difference is observed between the mean and median values, with
the mean being significantly higher than the median for nearly all attributes. This indicates
a potential presence of outliers in the dataset. Another noteworthy observation supporting

the presence of extreme outliers in the data is remarkably small minimums and large
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maximums. For example, there are some vast orders in the historical backlog, as the
maximum ordered quantity is as high as 94247 pieces. This maximum is not close to a
normal-sized order at Company X. There are also other significant values, particularly in the
Target value. The minimum for Target is -910 days, and the maximum is 997 days. It
indicates that some orders were delivered more than 2 years before the promised delivery
date, while others were delivered over 2 years after it. Some old orders may have been
cleared from the backlog during the selected period, which could explain some of the long
delays. On the other hand, an incorrect material lead time in the master data could explain
why Company X has “managed” to deliver two years in advance. This example of significant

extreme outlier values in the Target value demonstrates the need for outlier removal.

Table 5. Descriptive statistics for numerical attributes

Attribute Mean Median Min Max Stddev  Skewness  Kurtosis
ExpectedDelay 5.65 0 0 938 22.59 11.88 293.34
PlannedDeliveryTime 71.54 70 0 999 50.27 241 36.56
ConfirmedQuantity 25.25 2 0 94247 677.11 122.46 15791
ClaimedStocksQuantity 11.42 1 0 39370 225.11 156.27 27094
SalesValue 4.25 0.46 0 678.07 17.18 15.06 365.95
NetWeight 0.40 0.01 0 95.35 2.45 18.59 477.42
OrderedQuantity 26.76 2 0 94247 739.51 102.58 11550
Target -1.92 0 -917 997 75.89 0.45 49.34
LTEstimation 102.6 90 0 1750 87.50 2.88 21.57
TimeExpected 5.89 0 -910 1147 77.40 0.85 49,53
TimeBilling -57.55 -41 -1750 837 95.37 -1.30 22.39
TimeDue 0.24 0 -910 971 71.86 -0.05 55.53
TimeMaterial -2.46 -2 -916 964 71.93 -0.05 55.17
TimeRequested -11.18 0 -1086 967 70.84 -1.16 54.07
TimeConfirmed 1.22 0 -910 971 71.83 -0.07 55.66
TimeDeliveryltem -6.28 0 -695 616 40.69 -8.82 141.02
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Another notable observation is that the minimum value for the number of days is negative
for the following attributes: TimeExpected, TimeBilling, TimeDue, TimeMaterial,
TimeRequested, TimeDeliveryltem and TimeConfirmed. The negative date value is possible
due to how those attributes are calculated. For example, the estimated delivery date can
easily be later than when the sale was confirmed, or the customer requested. All the listed
variables are self-engineered to describe the difference in days between the first promised
delivery date and another date stamp. For example, TimeConfirmed describes how many
days before or after the first promised delivery date Company X confirmed the order to the
customer. This indicates that there are instances in the dataset where Company X should
have already shipped the goods out based on the calculated first promised delivery date.
However, something prevented it from accepting the order until after that day. When

compared to the range, the standard deviation is not substantially high for any attribute.

Kurtosis and skewness were also analysed for all variables to gain insights into the
characteristics of their distributions. Skewness indicates how symmetrical a data distribution
is, while kurtosis assesses the weight of its tails (Hatem et al. 2022, 2). Various benchmarks
exist to determine whether a distribution can be considered normal. This thesis applies the
commonly used thresholds for skewness [-1,1] and kurtosis [-3,3]. (Arnau et al. 2013; Hatem
et al. 2022; von Eye & DeShon 2012) Based on these criteria, it is evident that the following
attributes exhibit extreme positive skewness: ExpectedDelay, PlannedDeliveryTime,
ConfirmedQuantity, ClaimedStocksQuantity, SalesValue, NetWeight, OrderedQuantity,
and LTEstimation. It indicates that the data distribution is heavily right-skewed, with most
data values concentrated on the left side of the distribution and a long tail extending to the
right (Blanca et al. 2012, 4). Attributes Target, TimeExpected, TimeDue, TimeMaterial and
TimeConfirmed fit within the threshold and therefore do not contain skewness. Then again,
TimeBilling, TimeRequested, and TimeDeliveryltems contain negative skewness. It
suggests that the left tail of the distribution is slightly longer or heavier compared to the right

tail.

Kurtosis, on the other hand, is a metric used to assess the propensity of a distribution to

produce outliers, as explained earlier. A normal distribution has a kurtosis value of 3. (Arnau
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et al. 2013, 875) Distributions more prone to outliers than a normal distribution have a
kurtosis greater than 3, while those less prone to outliers have a kurtosis value less than 3
(Hatem et al. 2022, 2). All of the 15 numerical attributes showcase high positive values for
kurtosis. It indicates that the distributions of these attributes have heavy tails and a sharp
peak compared to a normal distribution. Moreover, it demonstrates an increased likelihood

of outliers for these variables.

Table 6. Skewness and kurtosis in numerical attributes after eliminating missing values and

outliers

Attribute Skewness Kurtosis
ExpectedDelay 4.28 23.07
PlannedDeliveryTime 0.46 3.45
ConfirmedQuantity 7.00 63.29
ClaimedStocksQuantity 9.95 13151
SalesValue 4.43 26.99
NetWeight 6.06 56.84
OrderedQuantity 7.15 65.98
Target -0.44 12.04
LTEstimation 0.73 3.85
TimeExpected 0.08 12.04
TimeBilling -0.46 3.85
TimeDue -0.10 13.58
TimeMaterial - 0.08 13.33
TimeRequested - 1.50 10.55
TimeConfirmed -0.13 13.53
TimeDeliveryltem -2.65 25.25

The skewness and kurtosis values of the numerical attributes were analysed again after
addressing missing values and outliers to determine whether data transformation is

necessary. No extreme values for skewness, as shown in Table 6, are observed anymore.
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However, a total of eight attributes still exhibit skewness. It indicates a highly asymmetrical
probability distribution for these variables. Despite applying z-score outlier removal and
further filtering of extreme values using boxplots, many variables in the data still show high
kurtosis, indicating heavy tails and peaked distributions. After outlier removal, the target

receives values ranging from -221 to 218 days.

Even though log-scaling is a known method used with right-skewed distributions, z-score
normalisation was applied to all numerical attributes to standardise the data and prepare it
for modelling. Log-scaling was not used because many attributes contained negative values,
making it an unsuitable method for this dataset. Instead, z-score normalisation ensured all
numerical attributes were centred around zero with a standard deviation of one, providing a

consistent scale for the input features.

4.3.4. Standardizing Numerical Attributes

Standardising these features is a crucial pre-processing step when working with input
features with different scales. This process ensures that certain machine learning models
operate effectively while also improving training speed and overall performance. (Laska &
Yolanda 2024) Feature standardisation, also known as normalisation, involves rescaling the
input features based on their minimum and range, which transforms the values into a
bounded interval, either [0, 1] or [-1, 1]. (Han, Kamber & Pei 2012, 113) In contrast, feature
standardisation adjusts values by subtracting a measure of central tendency (the mean) and
dividing by a measure of variability (the standard deviation). (Javaheri, Sepehri &
Teimourpour 2014) Normalisation helps align the dataset’s values to the same scale, which
is particularly important for algorithms sensitive to the range of input values, such as neural
networks and support vector machines. The most commonly used techniques for scaling
features include min-max normalisation and z-score standardisation. (Prihanditya &
Alamsyah 2020, 65)

In this study, z-score normalisation was applied. This method, often referred to as zero-mean

normalisation, modifies the values of a feature by subtracting its mean and dividing by its
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standard deviation (Han, Kamber & Pei 2012, 114). It ensures that all features are weighted
equally during model training, regardless of their original scale. The z-score method
standardises the data by transforming it into a mean of zero and a standard deviation of one.

(Javaheri, Sepehri & Teimourpour 2014) Z-score is calculated as:

(16)

where X is the model input, u the mean and o the standard deviation of X (Anggoro 2019,
550). The z-score method ensures balanced gradients, which helps to prevent biases in
weight updates as well as facilitates faster convergence in gradient-based models (such as
neural networks). (Han, Kamber & Pei 2012) By dividing each feature by its standard
deviation, z-score normalisation equalises the scales of different features, preventing those
with larger values from dominating the model and ensuring that all variables contribute
equally (Imron & Prasetyo 2020, 57). Unlike min-max scaling, z-score normalisation
effectively handles both positive and negative values, capturing variations in both directions
(Anggoro 2019, 550). This is a particularly important feature as the dataset used in this thesis
consists of numerical variables with negative values. Additionally, z-score normalisation
reduces the influence of outliers without overly compressing other values (Han, Kamber &
Pei 2012).

4.3.5. Categorical Attributes

With categorical attributes, the number of unique category values, known as cardinality, for
each input feature was examined. Figures 38 — 94 in Appendix 3 present the cardinality of
each categorical attribute. Certain attributes in the data, such as material and customer
numbers, have extremely high cardinality. High cardinality can pose challenges during
encoding; for example, methods like one-hot encoding could significantly increase the
dimensionality of the feature vector, leading to computational inefficiencies (Pargent et al.
2022, 2686). To better understand the distribution of category values in the dataset, we

plotted the category distributions. Some attributes with high cardinality, such as material and
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sales order number, show a more even distribution pattern. For instance, no single material
number dominates the data significantly. Despite this, in order to excel with encoding,
cardinality needs to be reduced to three attributes: Material, Customer and SalesOrder. All
groups with only one observation found were grouped into one category. To avoid a large
spike in the graphs depicting the number of observations in each category, the logic for

grouping was kept at 1.

Many algorithms require numerical inputs, which is why the category names were converted
into numbers, alias so-called integer encoding was carried out. If the attribute had any
missing values left, those were assigned to O, and actual categories were given a unique
number starting from 1. This reduces the dimensionality compared to some other encoding
methods, as, for example, one-hot encoding creates a binary column for each category.
However, it is important to recognise that numerical representations imply an ordinal
relationship, which could lead to a risk of ordinal misinterpretation. The used models might
treat the categories as having ranking or distance. Models might assign unintended weights
to these numbers, potentially skewing results. For this reason, embedding was also tested

with the models.

Word embeddings encode words as vectors in a multi-dimensional space, where the distance
and direction between these vectors illustrate the similarities and relationships between the
associated words (Hassan, Zerva, & Aulet 2024). Categorical data can be treated like words,
enabling its embedding through word embedding techniques. In this thesis context with
mainly nominal categories, each categorical variable is treated as a single word or token,
enabling the application of distributed word representations. (Dahouda & Joe 2021, 114383)
Embedding as an approach is used to represent categorical data as dense, low-dimensional
vectors within a continuous space (Bittremieux et al. 2022, 675). Unlike one-hot encoding,
which generates sparse, high-dimensional vectors, embedding condenses information about
categories into more compact representations. Each category is assigned a unique vector,
and the dimensionality of this vector is much smaller than the total number of categories.
(Dahouda & Joe 2021, 114382-114384) Embedding is particularly essential when working
with high-cardinality categorical variables, as it reduces dimensionality, preserves important



73

information, and creates an inherent ordering or relationship among categories based on their
relevance in the predictive task (Bittremieux et al. 2022, 675-677). Although embedding is
mostly associated with neural networks, such as LSTM networks, it can also improve the
input for other models, like SVR, by providing compact and informative features. (Pu, Apel,
& Xu 2019, 13)

To implement this, the learned weights of the embedding matrices were trained together with
the LSTM and SVR during the implementation phase. This involved adding a separate
embedding layer for each categorical attribute. During the pre-processing stage, each
categorical attribute was assigned an integer label, ranging from 0 to the total number of
unique category values. After converting all categories to numbers, an additional category
was created to represent missing values. Then, the embedding size was defined for all
attributes separately. The embedding size determines the dimensionality of the vector space
used to represent categorical values. Each unique category is assigned a vector of this size.
(Zhang et al. 2024, 2-3) A larger embedding size is typically needed for complex
relationships or high-cardinality features. If the embedding size is too small, it may not
capture enough information to properly represent the relationships between categories,
leading to underfitting and poor model performance. (Li et al. 2021, 5221) Conversely, if
the embedding size is too large, it can introduce unnecessary complexity, increasing the risk
of overfitting and leading to higher computational costs. Larger embeddings will also
increase the size of the model and its memory requirements. By selecting an optimal
embedding size, a model can achieve a balance between performance and computational
efficiency. (Zhang et al. 2024, 2-3) In this thesis, the initial embedding size for each attribute
is calculated individually by first determining the number of categories and then simply

dividing that number by two.

4.4. Data Processing

This chapter outlines the critical steps undertaken to prepare the dataset for predictive
modelling. It focuses on three main aspects: data validation, performance evaluation metrics,

and grid search.
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4.4.1. Data Validation

The dataset was validated with a k-fold cross-validation technique. Cross-validation is a
widely utilised method for assessing the performance of machine learning models on unseen
data (Nti, Nyarko-Boateng, & Aning 2021, 61-62). It involves splitting the dataset into
subsets, where one subset is used for training and validating the model, and another is used
for testing it. Cross-validation provides a robust framework for evaluating model
performance. (Vu et al. 2022, 1-2) In each iteration of cross-validation where the first subset
is used, the dataset is future divided into training and validation sets. The model is trained
on the training set and then evaluated on the validation set. This process is repeated multiple
times, and the average error from all iterations serves as a performance metric.
(Darapureddy, Karatapu, & Krishna 2019; Wong & Yeh 2019) There are multiple known
cross-validation methods, such as k-fold cross-validation, repeated cross-validation, and
leave-one-out cross-validation, and this thesis uses k-fold cross-validation (Vu et al. 2022,
2).

Training data Test data
A A

Train

Train Train

Train Train

Train Train

Train

Final evaluation { Test data

Figure 12. Visualisation of 5-fold cross-validation

In the k-fold cross-validation method, the dataset is randomly partitioned into k subsets,
folds, of approximately equal size (Figure 12). Each iteration uses one of the folds as the
validation set, while the rest of the k-1 folds are used as the training set. (Wong & Yeh 2019,

1586) The process is repeated k times, ensuring every fold is used once for validation. The
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final performance metric is the average error across all k folds. (Vu et al. 2022, 2) This
iterative approach ensures that the machine learning algorithm is evaluated on different data
splits, providing a comprehensive understanding of its performance (Rodriguez, Pérez, &
Lozano 2009, 569). While this method is highly effective, it can be computationally
intensive, as the model is trained multiple times (Soper 2021, 1).

For this thesis, 5-fold cross-validation was selected because it strikes a good balance between
computational efficiency and thorough model evaluation (Vu et al. 2022, 2). This method
involves splitting the dataset into five folds, as presented in Figure 12. Cross-validation
ensures that each observation is used for both training and validation across different
iterations. By employing this approach, the risk of overfitting is minimised, and it provides
a more accurate estimate of the prediction model’s performance on unseen data. Moreover,
5-fold cross-validation is computationally less demanding compared to methods with a
higher number of folds, making it a practical choice given the dataset’s size and the models’
complexity. Before splitting the data into five folds, a portion (20%) of the data was left as
a hold-out test set for the final model validation. After the training data and test data were
separated, we proceeded with the k-fold cross-validation strategy with the training data. The
selected method ensures that the model is finally evaluated with never-before-seen data.
With the data used in this thesis, the size of the training data is 24913 and the test data is
6229 observations. Each k-fold receives 19931 observations for training and 4982 for

validation.

4.4.2. Performance Evaluation Metrics

Evaluation metrics must be selected for this thesis to determine each estimation model’s
performance. The studied models are evaluated with the following commonly used three
performance metrics: mean absolute error (MAE), root mean squared error (RMSE), and
coefficient of determination (R?). This thesis strives for multi-faceted evaluation. MAE
quantifies the average absolute difference between actual and predicted values (Chai &
Draxler 2014, 1247). 1t offers insights into the average size of errors without regard to their

direction.
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The calculation for MAE is presented in Equation (17).
N 15
MAE = E=l=3d (17)

where N represents the sample size, y; the actual value, and y; the predicted value (Qi et al.
2020, 1486). The MAE was selected as one of the evaluation criteria because it is not as
sensitive to outliers as a mean squared error (MSE). Thus, MAE does not excessively
penalise training outliers. (Chicco, Warrens, & Jurman 2021) A lower MAE signifies higher
predictive accuracy (Chai & Draxler 2014, 1248).

RMSE is the square root of mean squared error, and it signifies the standard deviation of
prediction errors, also referred to as residuals. Residuals measure the distance between the
actual data points and the regression line, indicating how close the actual values are to the
predicted values. (Karunasingha 2021, 610) The error measurement it offers is on the same
scale as the original data, providing insight into how dispersed these residuals are

(Karunasingha 2021, 610). The formula is given in Equation (18).

N T
RMSE = Ziz1 vi=90)? (18)
N

where N is the sample size, y; the actual value, and y; the predicted value (Karunasingha
2021, 610). A lower RMSE value indicates that a model produces more accurate predictions
(Vu et al. 2022, 2). This metric is included in the evaluation criteria because it effectively
highlights the impact of outliers on the model's predictive performance (Karunasingha 2021,
610).

R-squared (R?) is another statistical measure used to evaluate how well predictions align

with the actual data. It is also known as the coefficient of determination. (Nakagawa,
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Johnson, & Schielzeth 2017, 1-2) R? presents the proportion of variance in the dependent
variable that can be explained by the independent variables. In simpler terms, R? assesses
the goodness of fit of a regression model. RZ values range from -co to 1, where negative
values indicate that the regression model performs worse than an arithmetic mean, and 1
indicates perfect explanatory power. (Chicco, Warrens, & Jurman 2021, 1-5) The formula is

as follows:

N 52
RZ = 1— SSRES _ _ 2iz1Vi=9) 19
SStor N i-P)? (19)

where N represents the sample size, y; the actual value, y; the predicted value, and y is the
mean of the actual values (Renaud & Victoria-Feser 2010, 1853). An R? value closer to 1
indicates that the model explains a larger proportion of the variance, which signifies better
predictive performance. In contrast, an R2 value near 0 suggests that the model does not
effectively capture the relationship between the variables. Exactly 0 indicates no explanatory
power over a simple mean. (Chicco, Warrens, & Jurman 2021, 5) This metric is included in
the evaluation criteria because it offers an intuitive measure of how well the model fits the
data. It complements other performance metrics, in this thesis context as RMSE and MAE,
by focusing on the proportion of explained variance. (Chicco, Warrens, & Jurman 2021, 6)
If multiple methods are capable of meeting good results, the method that offers the best

performance with RMSE will be considered the most suitable for the project.

4.4.3. Grid Search

This thesis uses the grid search method to tune the selected models. Grid search is a widely
used technique for hyperparameter optimisation in machine learning. Hyperparameters are
parameters that guide the learning process of an algorithm and must be set before training
begins. Most machine learning algorithms involve adjustable hyperparameters. (Chan,
Treleaven & Capra 2013, 352) For example, the SVR model includes hyperparameters such
as kernel scale parameter, box constraint, and epsilon, among others (Wang et al. 2023, 3-

4). These settings are vital as they greatly affect the model’s generalizability and predictive
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accuracy. Hyperparameter tuning aims to identify the optimal combination of values that
minimises a predefined loss function and maximises the model’s performance. (Wang et al.
2023, 1) Grid search achieves this by searching through a manually specified subset of the
hyperparameter space for a given algorithm. The process involves defining a discrete set of
possible values for each hyperparameter and evaluating all combinations of these values.
(Priyadarshini & Cotton 2021, 13918) As an example, in the case of SVR model with RBF
kernel at least the epsilon, the box constraint and the kernel scale parameter need to be
defined before running the model. Grid search selects a range of reasonable values for both
hyperparameters separately, trains an SVR for every possible pair, and evaluates each
model’s performance using a cross-validation set (Wang et al. 2023, 3). The combination
that yields the best performance is chosen as the optimal configuration (Priyadarshini &
Cotton 2021, 13918).

While grid search is simple and effective, it can be computationally expensive, especially
when the hyperparameter space is large. This limitation, often referred to as the "curse of
dimensionality”, arises because the number of combinations grows exponentially with the
number of hyperparameters. (Myung, Cavagnaro & Pitt 2013, 59) To address this issue,
discretization and manually defined bounds are often applied to narrow the search space
(Priyadarshini & Cotton 2021, 13918). Despite these challenges, grid search's parallel nature
— where each hyperparameter setting can be evaluated independently — makes it suitable for
distributed computing environments. By systematically evaluating all combinations of
specified hyperparameter values, grid search provides a robust method for improving model
performance and ensuring that the chosen hyperparameters generalize well to unseen data.
(Passos & Mishra 2022, 104520) The selected hyperparameters for grid search are presented

in the next chapter.

4.5. Methodology Implementation

This chapter details the methodology implemented in this study, focusing on the processes
of hyperparameter optimization and model architecture development. A grid search

approach was employed to systematically tune the hyperparameters for both the LSTM and
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SVR models. All the hyperparameters and their values tested are presented in detail.
Additionally, the chapter presents the proposed architecture of the LSTM model,
highlighting its design choices with different layers. By comprehensively presenting the

methodology implementation, this thesis aims to improve its retest ability.

4.5.1. Implementing LSTM Model

The LSTM model was configured in MATLAB using the trainnet function. The proposed
architecture for the LSTM model consists of several layers, including the input layer, an
LSTM layer, a dropout layer, a fully connected layer, a ReLU activation layer, and an output
layer. This model is illustrated in Figure 13. Initially, the input data is processed through the
LSTM layer containing multiple hidden units. The architecture is designed with a single
LSTM layer, asone LSTM layer is typically sufficient for non-time-series data (Abbasimehr,
Shabani & Yousefi 2020, 7). To prevent overfitting, a dropout layer follows the LSTM layer
in each tested model. By randomly deactivating a small fraction of neurons during each
training step, dropout ensures that the model does not become overly reliant on specific
neurons. (Pefialoza, Balbinot, & Leborgne 2023) In other words, dropout regularises the
output of the LSTM and ensures that the model generalises unseen data better. Subsequently,
a fully connected layer is applied to reduce the dimensionality after dropout. A fully
connected layer condenses the output from the LSTM layer to a lower-dimensional space,
which helps the model to focus on the most important features and patterns. (Diniz et al.
2024) The number of neurons can be adjusted based on the complexity of the data, and a
half to two-thirds of the LSTM hidden units should provide enough capacity without over-
complicating the model (Fan et al. 2023). A ReLU (rectified linear unit) activation layer
follows the first fully connected layer. ReLU helps the model learn skewed and complex
patterns in the data by introducing non-linearity (Hasan & Bhattacharjee 2019). The model
was also tested without the ReLU layer. However, the performance of those models got
worse. The final layer is a fully connected output layer with a single neuron, suitable for
regression tasks. (Fan et al. 2023) The first fully connected layer maps the LSTM outputs
into a lower-dimensional representation for ReLU activation, and the second fully connected

layer ensures the correct output shape for the regression task.
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Figure 13. Architecture of the proposed LSTM model

When working with LSTMs, there is no definitive rule of thumb for determining the number
of layers, nodes, or hidden units to use. These are all hyperparameters; often, a trial-and-
error approach will yield significantly better results. In other words, finding the best LSTM
model involves systematically experimenting with its architecture, hyperparameters, and
training configurations to achieve optimal performance on the specific dataset. (Pefialoza,
Balbinot, & Leborgne 2023) In order to find the most suitable model for this prediction task,
a grid search approach was used. The hyperparameters used in this model are shown in Table
7. For tuning hyperparameters for LSTM, this thesis considers the neurons in the hidden
layer of LSTM, the optimisation algorithm, the batch size, epochs, learning rate, shuffle,
dropout regularisation, and fully connected layer units. Discretisation was done to each
hyperparameter so that, based on previous literature, the most optimal options were left in

the grid search.
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Table 7. Grid search hyperparameters for LSTM (Al-Selwi et al. 2024; Priyadarshini &
Cotton 2021; Zheng et al. 2019)

Hyperparameters Values

Explanation

Hidden units

Optimizer

Min batch size

Max epochs

Learning rate

Shuffle

Dropout

First fully
connected layer
units

Second fully
connected layer
units

50, 75, 100

adam, sgdm,
rmsprop

32, 64, 128

50, 75, 100,
200

0.01 or 0.001

every-epoch

0.1,0.2,0.3
30, 45, 60
1

The hidden units in LSTM layer are memory cells (neurons)
that process data and store information over time. The units
in each layer control the model's ability to learn and
represent complex patterns.

Optimization algorithm influences the weights and biases
during training and impacts model performance. High loss
function output indicates poor model predictions. The
optimizer plays a crucial role in updating model parameters
based on the loss function.

A min batch is a portion of the training set used to calculate
the gradient of the loss function and to update the model
weights.

Refers to how many times the entire training dataset is
passed through the neural network during training. The total
number of epochs determines how often the model's weights
are updated. Using too few or too many epochs can result in
underfitting or overfitting.

Determines the extent of model adjustments based on
estimated error. With solver sgdm the learning rate used

is 0.01, and with solvers rmsprop and adam the default value
is 0.001.

“Every-epoch” option avoids discarding the same data each
epoch. It shuffles the training data before every training
epoch, as well as the validation data before every neural
network validation.

Probabilistically excludes inputs and recurrent connections to
LSTM units during training to avoid overfitting.

This unit size strikes a balance between retaining meaningful
representations and reducing dimensionality for the next
layer. Value is determined by number of hidden units; first
fully connected layer units should have half to two-thirds of
the LSTM hidden units.

This layer generates the final output for the model. For
regression task the layer is set to 1 unit.
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The selected hyperparameters for the LSTM model were carefully chosen to balance the
model’s ability to learn more complex patterns while at the same time avoiding overfitting
or underfitting. Especially in the LSTM layer, the number of hidden units identifies the
model’s capacity to learn and represent complex patterns in the data (Alvo 2022, 333).
Hidden units are tuned with values 50, 75 and 100, which covers options from a lightweight
configuration to a higher-capacity configuration. Various optimisers, including Adam,
SGDM, and RMSprop, were tested to update the model weights during training and
minimise the loss function. Adam and RMSprop used a default learning rate of 0.001, and

SGDM used 0.01 for faster convergence. These optimisers differ in the following ways:

- Adam (adaptive moment estimation) adjusts the learning rate dynamically for each

parameter based on the gradient's first and second moments (Liu 2021, 2).

- SGDM (stochastic gradient descent with momentum) updates model parameters by
computing the gradient of the loss function with respect to a small batch of training
samples (Zeng et al. 2022, 1-2).

- RMSprop (root mean square propagation) divides the learning rate by a moving
average of recent gradient magnitudes, preventing large updates and stabilizing
training (Mehmood et al. 2023, 2).

Min batch sizes control how the training dataset is divided, impacting gradient calculations
and weight updates. Min batch sizes of 32, 64, and 128 are chosen to balance training
efficiency and model performance. A size of 32 allows for frequent weight updates,
enhancing convergence for smaller or noisy datasets. Size 128 is more computationally
efficient for larger datasets but may converge slowly. Size 64 offers a balanced option
suitable for most tasks. (Yadav, Jha & Sharan 2020, 2096) All three batch sizes follow a
power-of-2 pattern, aligning well with GPU architectures optimised for 32-bit memory
operations (Que et al. 2020, 970). For maximum epoch values, 50, 75, 100, and 200 were
selected. The maximum epochs define how many times the entire training dataset is passed
through the network, allowing fine-tuning between underfitting and overfitting. (Zeng et al.
2022, 4) The shuffle option is set to “every-epoch” to randomly shuffle training data before
each epoch, ensuring more effective learning. This option is identical for all models. Dropout

rates, in this study, 0.1, 0.2, and 0.3, are used to exclude connections during training
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probabilistically. By randomly deactivating 10%, 20% or 30% of neurons during each
training step, dropout ensures that the model does not become overly reliant on specific
neurons. (Salehin & Kang 2023, 1) The first fully connected layer has 30, 45, or 60 units,
corresponding to half to two-thirds of the hidden units in the LSTM layer, ensuring
meaningful representations for subsequent layers. The second fully connected layer has one
unit, producing the final output for the regression task. (Issaoui et al. 2022, 6181) This
comprehensive combination of hyperparameters seeks to enable the model to learn,

generalise, and predict complex scenarios effectively.

In addition to the parameters trained within the grid search approach, a few other LSTM
model specifications were tested. Batch normalisation was trialled after the dropout layer
and before the fully connected layer to stabilise activations and reduce overfitting (Xu 2024).
In addition, Tanh activation and Sigmoid recurrent activation were experimented to
introduce non-linearity into the model (Ranjan et al. 2023). However, the results did not
improve significantly with these variations, and the model’s processing time increased
notably. For this reason, these options were left out of the model trained with grid search
approach. Different weight initialisation and regularisation values were tested during the
initial test to ensure stable training and optimal performance. However, during the grid
search, it was decided to use the default values included in the models, as the changes did
not seem to bring much significance. With some initial testing with the LSTM code, the
training progress was monitored using real-time plots. However, this was enabled with a grid

search approach to enable faster run time.

4.5.2. Implementing SVR model

The SVR model used was designed for regression tasks to predict continuous target values,
and it was configured in MATLAB with fitrsvm function. The chosen kernel functions
consist of linear, radial basis function (RBF), and polynomial kernels. The RBF kernel
transforms input data into a higher-dimensional space, enabling effective nonlinear
relationship modelling. On the other hand, the polynomial kernel is used to capture simpler

nonlinear patterns at specific degrees, with the tested polynomial degrees being 2, 3, and 4.
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Finally, as its name suggests, the linear kernel is employed to model linear relationships.
(Liuetal. 2015; Ring & Eskofier 2016) An automatic kernel scale was selected for all trained
models. By automatically adjusting the kernel scale based on the data, the model eliminates
the need for manual tuning. It ensures that the kernel is neither too narrow (which could lead
to overfitting) nor too wide (which could result in underfitting). (Jargensen, & Hansen 2011)
Table 8 presents all hyperparameters tuned with grid search to build a robust and high-

performing SVR model.

Table 8. Grid search hyperparameters for SVR (Alam et al. 2021; Fischer et al. 2015;
Mehmood et al. 2023)

Parameter Setup Explanation

rbf, Kernels map the input data into a higher-dimensional space.
Kernel function polynomial,

linear

Box constrains 0.1 1, 10 The absolute value of alpha coefficients must not exceed box

constraint.
Defines the epsilon-tube, within which there is no penalty in
. 0.01, 0.1, o . . . L
Epsilons 05 the training loss function for observations estimated within a

epsilon distance from the actual value.

Polynomial order 2, 3, 4 Degree of the polynomial kernel (only used with polynomial
kernel).
Automatically determines the scale parameter for the used
Kernel scale auto
kernel.
Standardizes the input features (mean = 0, variance = 1)

Standardization true, false o
before training.

To optimise the model even further, box constraint and epsilon margin were added to the
models. Both additions help the model to manage the balance between bias and variance.
(Astiningrum et al. 2021; Basak 2008) The box constraint, tested with the values 0.1, 1, and
10, imposes limits on the absolute values of the alpha coefficients in the model. By regulating
the influence of individual training examples, these constraints help ensure that the model

does not become too tailored to the training set, which can lead to poor performance in real-
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world scenarios. (Alam et al. 2021, 6) The grid search trains epsilons with 0.01, 0.1, and 0.5.
For general regression tasks, epsilon-insensitive loss is a default in SVR models. The epsilon
values play a pivotal role in defining the epsilon tube. It allows for a certain tolerance level
in the model’s predictions, acknowledging that not every prediction needs to be exact. The
model’s sensitivity to errors can be controlled by tuning the epsilon values. (Keyvanpour &
Shirzad 2022) Finally, standardising the features further enhances the model’s performance
by removing biases caused by differences in feature scales. This approach ensures that all
variables contribute fairly to the model, which is crucial for SVR as a distance-based method.
Standardisation also improves the convergence speed during training. (Janpoladov &
Gavrilov 2023)
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5. Results

The models were trained using 71 attributes with 24913 observations in the training data and
6229 observations in the test data. A grid search method was employed along with a 5-fold
cross-validation technique. The best model was determined during training based on its mean
performance across the folds, measured by mean RMSE, mean MAE, and mean R2. This
approach ensured that model evaluation was not biased by a single data split and provided a
more reliable estimate of generalisation performance. Subsequently, the best models were

tested using an entirely separate dataset to ensure they performed well with unseen data.

5.1. Application of LSTM Model

The results of the LSTM model demonstrate strong predictive performance. During grid
search, the best hyperparameters were selected based on the average performance of RMSE,
MAE and R? after 5-fold cross-validation. The best configuration included 50 hidden units,
the Adam optimiser, a batch size of 64, 75 epochs, a learning rate of 0.001, and a dropout
rate of 0.2, along with a ReLU activation layer and embedding. These selected
hyperparameters are presented in Table 9. For the validation set results, the model achieved
a mean RMSE of 16.805 with a standard deviation of 0.41998, a mean MAE of 7.7319 with
a standard deviation of 0.46424, and a mean R? of 0.74905 with a standard deviation of
0.014145. This can be translated as follows: the average absolute error for the model is 7.7
days, some larger errors are present since RMSE is much larger than MAE, and the model
explains 75% of the variance. These metrics indicate a good but not perfect fit to the training
data with relatively low variability, suggesting that the model has learned robustly. In the
testing set, the model achieved a RMSE of 17.6624, a MAE of 7.4292, and an Rz of 0.72748.
These values closely align with those from the training set, indicating good generalizability
and minimal overfitting. The inclusion of embedding and a ReLU activation layer
contributed to the model’s capability to capture more complex relationships within the data.
Overall, the results suggest that the model is well-suited for predicting delivery times, given

its strong performance metrics and consistent results across both training and testing sets.
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Table 9. LSTM hyperparameters achieving the best result

H|dgjen Optimizer Mln_batch Max Learning Shuffle Dropout First _FCL
units size epochs rate units
50 adam 64 75 0.001 every- 0.2 30
epoch

We can understand the following from the data based on the selected parameters. The choice
of 50 hidden units suggests a moderate level of model complexity, indicating that the dataset
may exhibit some sequential dependencies but does not involve extremely complex patterns
that would require deeper networks. Increasing the number of hidden units could enable the
model to learn richer patterns while decreasing the count would lower computational costs
but could lead to underfitting the data. (Lou et al. 2020, 8) The Adam optimiser is well-suited
for handling noisy and non-stationary data. This choice implies that the dataset may benefit
from adaptive learning rates for stable training, suggesting that simpler gradient-based
methods, such as stochastic gradient descent (SGDM), may not be optimal. (Al-Selwi et al.
2024, 20-21) A batch size 64 is a common choice that balances convergence speed and
memory efficiency (Hwang et al. 2024, 3). Training for 75 epochs indicates that the dataset
required moderate iterations to converge. A lower epoch count might suggest that the model
converges quickly, while a higher count (e.g., 200 or more) could indicate a more complex
dataset that needs prolonged training. It suggests that the data has enough patterns to learn
within a reasonable timeframe without requiring extensive training. (Yu, Gonzélez & Li
2020, 89) Shuffling the data at every epoch helps prevent the model from memorising
sequential patterns in the training data. The dataset may contain potential biases or temporal
dependencies, making shuffling necessary for improved generalisation. (Zhong et al. 2023,
7) A dropout rate of 0.2 represents a moderate level of regularisation, suggesting that
overfitting was a concern. This implies that the dataset has some noise or variability,

necessitating regularisation but not excessive dropout. (Barros et al. 2021, 6)

To visually evaluate the model’s performance, a scatter plot was created to compare the

actual delivery time values (on the x-axis) with the predicted values (on the y-axis). As
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shown in Figure 14, the values from the test set are plotted against their predictions. The
points primarily align along the diagonal line (y = x), indicating that the model effectively
captures the general trend. While many points are close to the ideal diagonal, there is still a
noticeable scatter, suggesting that the model has a certain level of error. Some points deviate
significantly from the diagonal, which indicates higher variance in those predictions.
Overall, there does not appear to be a significant systematic bias, as the errors are somewhat
symmetrical around the diagonal. However, some predictions both underestimate and

overestimate actual values, highlighting potential areas for improvement.

Best LSTM: Actual vs Predicted
200 @

150 -
100

50 -

Predicted Values

-50 -

-100

-150

-200

1 1 1 | | | 1 1 1 1
-200 -150 -100 -50 0 50 100 150 200 250
Actual Values

Figure 14. The actual values and predicted values plotted for the best LSTM model

There is a clear cross pattern surrounding zeros in the scatter plot. The vertical dispersion at
x=0 shows that the model may produce widely varying predictions when the actual value
approaches zero, highlighting uncertainty or instability in low-value estimates. Conversely,
the horizontal spread at y=0 suggests that the actual values can still differ substantially when
the model predicts values near zero. These zero lies may point to issues such as over-

regularisation or underfitting. Several factors could contribute to this phenomenon, including
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data imbalance where the dataset contains a high concentration of small or zero values,
leading the model to favour predictions around zero. This is a known problem with the used
data, as 55.76 % of observations in the entire dataset were delivered exactly on the same day
promised to the customer (Table 4). The model also has multiple lower-variance inputs,
which could hinder its ability to capture small fluctuations effectively. Furthermore,
excessive regularisation, such as strong weight decay or high dropout rates, might push
predictions toward zero, thus decreasing output variability. However, this was considered by
tuning the related hyperparameters — such as dropout and learning rate — with the grid search
method. These combined effects suggest that the model could benefit from data balancing
and enhanced feature engineering strategies to manage small values better and mitigate the

variability in predictions.

Actual Values

Early On-time Late
2 Early 1255 703 108
B
S
€  On-time 336 2583 165
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A Late 86 317 676

Figure 15. Confusion matrix for best LSTM with test data

To visualise the results even more, a confusion matrix was calculated to provide insights into
regression outcomes. The confusion matrix was done to the test set data with 6229
observations, and the results are presented in Figure 15. The predictions were split into three
bins: early, on-time and late. The thresholds were quite strict, as only predictions within [-
0.5, 0.5] were accepted as on time. The actual values only contain integers i.e., zero
represents items delivered exactly on-time as promised, all negative values represent early

delivery, and positive values represent late delivery. Despite the naming in the matrix, orders
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that arrive early are also counted in the on-time delivery KPI as being on-time. The confusion
matrix highlights the model’s ability to distinguish between positive and negative outcomes
quite effectively. However, the false values indicate room for improvement in capturing
difficult borderline cases. The most important task of the estimation model is to visualise
delays before they have occurred. While the model effectively predicts late deliveries in 676
cases, it incorrectly categorises 273 truly late lines as on-time or early and vice versa, with
403 truly on-time or early lines as late. The model demonstrates the highest accuracy in
predicting on-time deliveries, correctly identifying 2583 instances. However, it misclassifies
703 cases as early and 317 as late deliveries. Clearly, the most significant misclassification
happens within the on-time category, where borderline cases tend to be classified as early
deliveries. On the other hand, this may be influenced by strict category boundaries. Based
on the confusion matrix, the predicted on-time delivery for the test data is 82.68 %. This
number is calculated by comparing all orders the prediction model estimated to be delivered
either exactly on time or early to the total number of observations in the test set. The result
IS not too far off from the true OTD of the test set, which is 84.76 %. OTD of all used data
was presented in Section 4.3.1 (Table 4), where the full dataset received an OTD of 85.97 %

after the removal of outliers and missing values.

5.2. Application of SVR Model

The SVR model was also optimised through grid search and demonstrated quite strong
predictive performance. The best parameters identified are presented in Table 10. The best
parameters identified were a polynomial kernel of degree 3, a box constraint of 10, an epsilon
value of 0.5, automatic kernel scaling, and feature standardisation. The model achieved a
mean RMSE of 17.3261, mean MAE of 6.7419 and mean R? of 0.73187 across 5-fold cross-
validation. The low standard deviations of 0.4971 for RMSE, 0.2163 for MAE and 0.0093
for R? indicate consistent performance in all folds. The results on the test set were RMSE:
17.8421, MAE: 7.0138, and R2 0.7219, which closely aligned with the cross-validation
metrics and validated the model’s generalizability. The polynomial kernel successfully
modelled both linear and nonlinear relationships in the dataset, while the low standard

deviations across the metrics highlight the model’s robustness.
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Table 10. SVR hyperparameters achieving the best result

Kernel function Box Epsilons Polynomial Kernel Standardization
constrains order scale
polynomial 10 0.5 3 auto true

Notably, these good results were achieved without embedding, suggesting that pre-
processing techniques like standardisation and kernel optimisation effectively captured the
relationships between the features. Embedding is known not to be the best combination with
the SVR model, as it creates even more complex data to process. Performance metrics verify
this. Embedding significantly diminishes the model’s performance, resulting in an R?2
measurement (0.46876) that is half of what the best model achieves. RMSE and MAE values
also deteriorate, but the effect is not as dramatic as with R2.

Based on the selected hyperparameters for the best model, the following conclusions can be
drawn: a polynomial kernel of order 3 indicates that the relationship between the features
and the target variable is nonlinear but not excessively complex. If a linear kernel had
performed better, it would suggest a strong linear relationship in the data. Since the
polynomial kernel yielded the best results, this implies that the dataset likely exhibits
moderate non-linearity. Opting for a higher-order polynomial (e.g., degree 4 or 5) could lead
to overfitting by capturing unnecessary complexity. (Acharya et al. 2012, 2018) The box
constraint controls the balance between margin width and error tolerance (Alam et al. 2021,
6). A value of 10 strikes a good balance: it’s neither too strict to lead to overfitting nor too
loose, which could result in underfitting. Epsilon (&) defines the tolerance zone within which
predictions are deemed acceptable. A moderate epsilon value of 0.5 suggests that the data
contains some variability, and the model does not need to be overly sensitive to minor
fluctuations. If € were excessively small, the model would attempt to predict every minor
detail, increasing the risk of overfitting. Conversely, if € were too large, the model would
overlook too much variation, negatively affecting accuracy. (Keyvanpour & Shirzad 2022)
With the SVR model, the application of standardisation (scaling features to have a zero mean

and unit variance) indicates that the dataset contained features with varying ranges. SVR is
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sensitive to feature scaling, so standardisation enhances numerical stability and convergence.

(Janpoladov & Gavrilov 2023)

At a glance, the scatter plot for the best SVR model — presented in Figure 16 — looks quite
similar to the best LSTM. The scatter plot displays the actual versus predicted values
aligning quite well along the diagonal line, indicating that the model captures the general
trend well. However, the spread around the diagonal suggests the presence of prediction
errors. Despite this, during visual examination, most values seem to align better with the
diagonal line than in the LSTM model. Some outliers are still evident, where actual values
are far from zero, but predictions remain at zero, and this also appears the other way around.
This could potentially indicate regularisation effects or model limitations in capturing

extreme variations.

Best SVR: Actual vs Predicted
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Figure 16. The actual values and predicted values plotted for the best SVR model
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As with the LSTM model, a confusion matrix was used to estimate the best SVR model for
the test data (Figure 17). The confusion matrix reveals that the model struggles with
distinguishing deliveries that are exactly on time, as a significant number (1024 cases) are
misclassified as early, and 834 cases are misclassified as late. It indicates that the model
lacks precision in predicting on-time outcomes. Also this confusion matrix was created with
a strict interval of [-0.5, 0.5] for the on-time category. The model appears to favour early
predictions, as many on-time (1024) and late (117) cases are incorrectly classified as early.
A tested adjustment to larger on-time intervals did not significantly reduce the number of
miscategorised cases. Conversely, the model overpredicts late deliveries, correctly
identifying 800 late cases, while 110 truly early and 834 truly on-time cases are misclassified
as late. This could indicate a lack of strong predictive features distinguishing late deliveries,
especially with borderline cases. For the above reasons, the calculated OTD given by the
confusion matrix differs significantly from the actual value. The predicted OTD for the test
data is 72.00 %, whereas the true OTD for the test set is 84.76 %, as previously mentioned.

Using the SVR model as the basis for a predictive OTD KPI would be misleading.

Actual Values

Early On-time Late
- Early 1481 1024 117
E
S
g On-time 86 1745 32
[*]
Oﬁ
™
A~ Late 110 834 800

Figure 17. Confusion matrix for best SVR with test data



94

5.3. Results Comparison

This section compares the best models developed using LSTM and SVR, ultimately selecting
the most suitable model to meet Company X’s needs. When comparing the selected
hyperparameters for both the SVR and LSTM, the two models are well aligned. Overall, the
chosen hyperparameters complement each other well, supporting the idea that the dataset
requires moderate handling of non-linearity, balanced regularisation, and stable optimisation
techniques. With the selected parameters, both models were able to predict delivery times
reasonably well. The results with the selected metrics RMSE, MAE and R? were very

similar. The results of both models with the test data are given in Table 11.

Table 11. Comparison of models using performance metrics evaluated on test data

Metric LSTM performance  SVR performance  Model with better
with test data with test data performance

RMSE 17.6624 17.8421 LSTM

MAE 7.4292 7.0138 SVR

R? 0.72748 0.7219 LSTM

The comparison of performance between the LSTM and SVR models shows that both
achieve similar results, but each has its strengths. The LSTM model excels at handling
extreme values, while SVR provides slightly more accurate average predictions.
Specifically, the LSTM model has a lower RMSE of 17.6624 compared to 17.8421 for SVR,
which indicates that LSTM makes fewer large prediction errors, making it better for
capturing extreme cases. On the other hand, SVR outperforms LSTM in terms of MAE,
scoring 7.0138 versus 7.4292, suggesting that it produces smaller errors on average and is
more precise for general trend estimation. The R2 scores — with 0.72748 for LSTM and
0.7219 for SVR — further demonstrate that both models explain a similar proportion of
variance in the test data, with LSTM performing slightly better in capturing overall patterns.
These findings imply that LSTM is more suitable for applications where minimizing large

deviations is crucial, while SVR is preferable when the focus is on reducing overall
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prediction error. Given the relatively small differences in performance, both models are well-

optimized for the dataset.

Incorporating a confusion matrix into regression analysis allows Company X to translate
continuous delivery time predictions into meaningful business categories such as “early,”
“on-time,” and “late”. This is essential if Company X takes the suggestion into action and
develops a new predictive OTD KPI to support backlog monitoring. Unlike traditional
regression metrics like RMSE and MAE, which measure numerical accuracy, the confusion
matrix provides insights into classification performance. (Ohsaki et al. 2017, 1806-1807) It
reveals how well the model distinguishes between on-time deliveries and those that arrive
either early or late. This distinction is critical for operational decision-making. To avoid
unnecessary inventory, knowing if the item will be delivered well before the agreed delivery
time is important. It is also important to act proactively regarding delays or notify the
customer in advance if a longer delay is suspected. Misclassifications, such as mistakenly
predicting on-time deliveries as late, can lead to inefficient backlog prioritisation and
disruptions in the supply chain. Due to reasons above, the confusion matrix serves as a
valuable evaluation tool. It complements standard regression metrics by ensuring that the

new OTD KPI aligns with real-world delivery performance and enhances O2C efficiency.

When comparing the two confusion matrixes in Figures 15 and 17, it is clear that the LSTM
model demonstrates superior performance compared to the SVR model. It is visible
particularly with the exact on-time delivery predictions. The LSTM’s confusion matrix
reveals that it correctly classifies 2583 on-time cases, significantly outpacing SVR’s 1745
accurate classifications. Furthermore, LSTM reduces the number of misclassifications,
showing fewer instances where on-time deliveries were incorrectly classified as early (703
for LSTM versus 1024 for SVR) or late (317 for LSTM compared to 834 for SVR). This
performance highlights LSTM’s balanced classification capability and effectiveness in
minimising severe errors. While SVR slightly edges out in predicting late deliveries with
800 correct classifications compared to LSTM’s 676, both models tend to overpredict late
instances. The falsely predicted late orders could potentially lead to unnecessary operational

actions and order escalations. Then again, both models exhibit comparable results for early
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delivery predictions. To summarise, the LSTM model not only significantly enhances
exactly on-time prediction accuracy but also maintains adequate performance levels for early

and late classifications, establishing it as the more robust choice for real-world applications.

In addition, the comparison between SVR and LSTM in terms of OTD prediction accuracy
highlights significant differences in their reliability for KPI formulation. The SVR model
predicts an OTD of 72.00% for the test data, which is substantially lower than the true OTD
of 84.76% for the test data, indicating that SVR consistently underestimates on-time and
early deliveries. This large discrepancy suggests that using SVR as the foundation for a
predictive OTD KPI would be misleading, as it would artificially inflate the perceived
backlog issues by incorrectly classifying more deliveries as late. Conversely, the LSTM
model predicts an OTD of 82.68%, which is much closer to the true OTD. This relatively
small error margin suggests that LSTM provides a more accurate and reliable estimation of
on-time performance, making it a better candidate for formulating a predictive OTD KPI.
The improved performance of LSTM is likely due to its ability to capture sequential
dependencies in delivery data. In contrast, SVR, being a static model, struggles with

temporal patterns and introduces greater misclassification errors.

Based on the comparison, this thesis suggests that the LSTM model is the more suited option
for Company X’s needs. It yields better performance with both RMSE and R2 than SVR and
offers reasonably good results with MAE. Despite the visual differences with the scatter
plots, LSTM seems to be more accurate with the prediction when comparing the confusion
matrixes. More values close to zero (delivered on time) tend to be estimated more precisely,
offering a possibility to utilise the prediction as an OTD estimation on top of estimating

order line level view.
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6. Conclusion and Discussion

On-time delivery serves as a crucial benchmark for evaluating both supply chain efficiency
and overall operational performance within an organisation. It reflects a company’s
capability to consistently fulfil customer expectations regarding delivery timelines. OTD is
more than just a straightforward KPI; it encapsulates elements of operational efficiency,
customer satisfaction, and the competitive edge a company holds in its respective market.
This comprehensive study aims to deepen the understanding of OTD by investigating its
estimation through advanced predictive modelling techniques and showcasing its intrinsic
link to various operational components, particularly focusing on the sales backlog and its

implications for delivery performance.

The primary objective of this research was to create a robust connection between the
prediction of OTD and the broader operational context within Company X. This was
accomplished by using the sales backlog as a foundational dataset, emphasising the essential
role of backlog management in delivery performance. Our findings revealed a clear
interrelationship between backlog data and OTD. Through a series of rigorous analyses,
including statistical modelling and variable assessments, we constructed a predictive
framework capable of producing a satisfactory estimation of delivery performance. While
the model has limitations and is not devoid of errors, its performance metrics — demonstrated
by reasonable RMSE, MAE and R? values — indicate a considerable potential for practical
application in operational settings. Moreover, this study systematically identified several
operational challenges Company X encounters beyond the model development. These
challenges included issues related to data quality inconsistencies, a lack of integrated
processes across departments, and insufficient granularity in the available data. Addressing
these obstacles presents Company X with a strategic opportunity to enhance not only its

predictive capabilities but also its overall operational efficiency.

This thesis focuses on developing a general prediction model for estimating delivery times

rather than examining the specific effects of individual attributes on the model’s
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performance. The primary goal is to create a versatile model that performs well across
various scenarios, ensuring its applicability to a wide range of use cases within the company.
While this approach offers a broad and scalable solution, it does not directly investigate how
specific attributes, such as customer or product characteristics, influence delivery
performance. The idea behind the desired general prediction is to highlight orders where
delivery delays are estimated in order to escalate the order before it is late in the eyes of the
customer. In addition, it is essential to take prompt action if there is evidence indicating that
the item is ready several months ahead of the agreed schedule, as this may result in an
excessive accumulation of inventory for Company X. Future research could expand on these
findings by conducting a more detailed analysis of the attributes that contribute to the
model’s predictions. This deeper exploration could reveal key factors behind delivery delays
or reliability, providing actionable insights to improve operations further and enhance the

prediction framework.

The findings from this research stress the crucial need for investing in both data quality and
infrastructure improvements. Such investments are essential for enhancing forecasting
accuracy and refining decision-making processes. Ultimately, the insights derived from the
examination of OTD, the critical role of backlog data, and the construction of an effective
prediction model lay a strong foundation for future enhancements in the operations of
Company X. The results culminate in actionable recommendations aimed at seamlessly
integrating predictive insights into daily operational practices, transforming estimation

capabilities into a continuous improvement mechanism for ongoing success.

6.1. Research Questions and Recommendations

This research aimed to predict delivery times for orders in Company X’s order-to-cash
process, making backlog monitoring proactive and ultimately improving the on-time
delivery performance of sold goods. The study identifies three main challenges in achieving
timely deliveries: (1) the O2C process at Company X is quite complex, (2) the current
methods for monitoring backlogs do not provide timely alerts for delivery issues, and (3)

there exists a lack of awareness regarding the significance of effective backlog monitoring.
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To face these challenges, the following research question and two sub-questions were

formed:

Q: In the context of the case company, can we forecast on-time delivery performance

with sales backlog data?
1. How is delivery reliability currently measured in Company X?

2. How effectively does the predictive algorithm estimate the delivery time for

sales order items?

In Company X, delivery reliability is primarily assessed using on-time delivery KPI, which
compares actual delivery dates with promised delivery dates. The open sales backlog
performance, on the other hand, is assessed with the same promised day that was given to
the customer. If the date in question is still in the future, the order is “healthy”. However,
the study identified limitations in this current approach, including a lack of granularity, the
absence of advanced predictive tools, and the missing scope of the actual delivery time,
which would be considered when the product arrived at the customer. The study introduced
a new perspective by utilising sales backlog data and predictive modelling, demonstrating
how delivery reliability can be proactively forecasted instead of relying only on retrospective
assessments. This innovative approach provides a more dynamic and actionable method for

evaluating delivery performance.

Forecasting OTD performance using sales backlog data is indeed feasible within the context
of Company X. The predictive models developed during this study demonstrate a
commendable ability to estimate delivery dates with satisfactory accuracy. In particular, the
chosen models, both LSTM and SVR, effectively identify patterns within the backlog data
that correlate with OTD outcomes. Although the predictions are not flawless, the
performance metrics indicate that this approach holds significant potential for operational
application and ongoing enhancement. The predictive algorithms developed in this study
effectively estimated delivery dates for sales order items. The results indicate that while
these predictive models provide valuable insights, there is still potential for enhancement in

data quality and feature engineering to improve accuracy further. Overall, the models
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performed well despite the absence of time-series data, effectively utilising the available

sales backlog data.

Based on the findings and analyses conducted during this study, several recommendations
are proposed to enhance Company X’s operational efficiency and predictive capabilities of
Company X. These recommendations aim to integrate delivery time estimation into strategic
and operational processes while addressing challenges related to data quality and
connectivity. It is recommended that the delivery time estimation model developed in this
study would (1) be calculated daily for items in the open backlog, (2) formalised as a key
performance indicator (KPI) to estimate OTD changes, and (3) actively utilised in daily
operations. These additions could be made to the company’s sales backlog Power BI report.
By monitoring predicted on-time delivery performance alongside the backlog health for each
order, Company X can proactively identify and mitigate delays. Currently, a “healthy”
backlog at Company X refers to orders with a promised delivery date in the future. However,
this measure does not account for any known delays or issues arising from outdated master
data. As a result, Company X has already failed to meet customer promises with “unhealthy”
order lines, leading to decreased customer satisfaction when action is only taken after an
item has become late. In addition, if an order is saved in SAP and the estimated delivery date
immediately differs from the promised date, Company X could conduct further analysis of
the reasons. This analysis could highlight orders with outdated master data, revealing
discrepancies where the promised material lead times or delivery routes are shorter than the
actual time required. On the other hand, the trend of an accelerated process could also be
seen in the differences between the estimate and the actual value. When considering the
impact of the estimate on the entire backlog, the estimation based KPI will indicate the
projected impact of all open orders on OTD once they are fulfilled. Operational teams will
be able to visualise their future OTD based on their current management of the order backlog.
This clarity emphasises the significance of backlog in relation to OTD. The formalised KPI
will enhance decision-making across departments, promoting a data-driven approach to
improving delivery reliability and customer satisfaction. For these reasons, this new
estimation based KPI and line visible level estimation would be valuable to daily backlog

management.
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The second recommendation relates to the current measurement of the backlog: backlog
health. Company X should review the definition of what constitutes a “healthy” order line.
It would be good to assess whether the current KPI clearly indicates the health of open
deliveries or whether reliably estimated delays should also be considered. This process could
involve setting thresholds for expected delivery times and identifying orders at risk of
missing these targets. Regularly monitoring the proportion of orders at risk within the sales
backlog can help the company prioritise corrective actions and ensure smoother operational
flow. Additionally, an order escalation process could benefit from a prioritised list of at-risk
orders, allowing operational teams to know in advance which items need to be expedited.
Furthermore, a prioritisation tool could be developed that, in addition to the delivery

estimate, evaluates the importance of each sales order based on various criteria.

In addition to utilizing the prediction model created in this study, Company X should
leverage data mining more extensively to uncover deeper insights from available data.
Analysing patterns and relationships within the sales backlog can further refine predictive
models and provide actionable insights. By examining trends, anomalies, and bottlenecks,
Company X can enhance its operational strategy and resource allocation. It also allows to
prioritize O2C process enhancement projects if the impact of each problem can be analysed.
Currently, Company X is in the process of implementing a data mining application, but it is
essential to understand all the potential benefits of the application. As mentioned, data
mining can open doors for a better lead time estimations. Through a data mining application,
the sales orders log change information can be utilized, and estimation can be conducted as
a time series analysis taking into consideration all changes and additions to an order. To gain
a holistic view of operations, Company X should establish data connections between the
order-to-cash (O2C) and procure-to-pay (P2P) processes. Integrating these datasets can
provide insights into how procurement and supply chain activities influence delivery times.
For example, linking supplier lead times and material availability to sales order management
will create a unified view of the end-to-end process. This could also be possible with the

data mining software.
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More detailed analyses are essential to enhance forecasting accuracy and understand the root
causes of delays. These include increasing the volume and variety of collected data — such
as historical supplier performance and production information — which can improve model
training and predictions. The effectiveness of these predictive models is directly linked to
the quality of the input data, making it crucial for Company X to prioritise cleaning its master
data to ensure consistency and accuracy. Regular maintenance, which includes updating
vendor information, material lead times, route times and delivery schedules, will help reduce
errors and enhance model performance. To implement these improvements effectively,
Company X should invest in technology solutions that facilitate seamless data integration
and visualisation. Utilising business intelligence tools and advanced analytics can help
automate processes, making delivery time estimation a routine and integral part of

operations.

6.2. Contributions and Future Research

In conclusion, it is essential to recognise the limitations of interpreting the research results
as outlined in the introduction. In addition to the limitations previously outlined, there are
further considerations to address that may have influenced the findings. Firstly, although the
selected models (LSTM and SVR) do not require data normality, the dataset was notably
skewed and significantly affected by outliers, which may have impacted the models’
predictions. Additionally, certain market areas and products were underrepresented due to
lower sales volumes, introducing potential biases in the data. This imbalance could have
hindered the regression models’ ability to generalise effectively. During experimentation, it
became evident that the LSTM and SVR models were highly sensitive to hyperparameter
tuning, adding complexity to achieving optimal performance. Practical constraints related to
time and computational resources limited the extent of the grid search for hyperparameter
optimisation. Consequently, rational and selective decisions had to be made regarding which
configurations to test and train, potentially overlooking options that could have produced
better results. Furthermore, since the sales order data analysed in this study is sourced from
a single company, the findings are most relevant within the specific context of Company X.

Thus, generalisation of the results is not possible. These limitations highlight the potential
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for future studies to broaden the data scope and include additional factors to improve

predictive accuracy.

The study highlights the potential of predictive modelling in analysing delivery performance
and identifying factors that influence on-time delivery. By integrating sales backlog data
with regression models, such as LSTM and SVR, the research presents a novel approach for
estimating delivery times, moving beyond traditional metrics and methods. While these
models offered valuable insights into delivery patterns and achieved reasonable predictive
accuracy, some limitations emerged, including data imbalances, the influence of outliers,
and sensitivity to hyperparameters. These challenges indicate that, although the selected
methodologies are effective, further refinement and expansion of the approach — such as
incorporating additional data sources or exploring alternative modelling techniques — would

enhance predictive accuracy and increase the practical applicability of the findings.

Building on the findings of this study, several avenues for future research can be explored
to improve predictive accuracy and enhance operational efficiency in Company X’s O2C
process. One promising direction is to integrate process mining techniques to create event
logs that detail the flow of sales order items. A more cohesive dataset can be developed by
combining data from multiple tables and leveraging overlapping attributes as connectors.
This would allow for a deeper analysis of log changes and escalations, supporting predictive
tasks while providing greater transparency and decision-making capabilities. Process mining
could also generate visual process models, offering insights into the flow of activities and
identifying bottlenecks in the O2C process. Another area of research is the management of
imbalanced data, which significantly impacted predictive performance in this study. Future
work could utilise stratified cross-validation and investigate advanced over- and under
sampling techniques to address this challenge. Techniques such as generative adversarial
networks (GAN) have shown promise in generating synthetic data for imbalanced
classification tasks and could also be applied to regression settings. Furthermore, segmenting
the analysis, such as creating decision trees to focus specifically on predicting late deliveries,

might optimise computational efficiency and enhance model precision.
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Future research should also include testing additional regression methods, such as XGBoost,
which has demonstrated strong performance in managing complex relationships and
imbalanced datasets. Exploring the ensemble method XGBoost or random forest as an
alternative model could provide a robust benchmark for improving delivery time predictions
and evaluating model performance under various scenarios. Further enhancements could
involve capturing stochastic elements and variability in factors such as order demand,
preparation times, and delivery windows. Incorporating these elements would help address
current limitations and refine predictions. Investigating alternative operational strategies,
such as route optimisation or plant workforce management during peak times, could yield
actionable insights for improving delivery performance. Finally, future research should
focus on strengthening backlog monitoring and ensuring real-time tracking of orders
throughout the O2C process. By expanding the dataset and exploring additional predictors,
predictive models could achieve greater accuracy and applicability. Combined with
advanced methodologies and a more integrated approach, these efforts will help Company

X enhance its on-time delivery performance and operational transparency.
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Appendix 1. Interview questions

1.

2.

3.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Describe Company X as a company; it’s business, operations, and value promise?
Describe the supply chain of your company with aftermarket business?

What does the ideal process flow ("happy flow") look like in your Order-to-Cash
(O2C) operations?

What KPIs do you use to measuring performance within O2C process?

How is on-time delivery (OTD) measured in your organization?

Do you have challenges with on-time delivery with aftermarket business?

Do you see typical/recurring reasons for why products are delivered too late?
Avre there typical bottlenecks within the process, and where do they usually occur?
How do you manage your backlog operations?

How is backlog health assessed or calculated in your operations?

What value do you expect this thesis to bring to Company X?

What specific aspects or outcomes should the predictions focus on? Plan + Goals
What is the entity on which predictions are made?

What is the time horizon for the predictions?

How frequently should the predictions be updated or generated?

Who are the end-users of the ML model? And how will they benefit from the new

prediction model?
How will the predictions provide value to the end-users in practical terms?

How will the success, value creation, or impact of the ML system (model) be

measured in production?
What are the sources of data for the project?

How frequently is the data updated in your system?



21. What is the level of data accuracy? Are there any limitations or constraints related to
the data?

22. When analyzing the data, what filters should be applied, and which specific data
subsets should be included?



Appendix 2. List of attributes

Attribute Type
AccountGroup categorical
BillingBlock categorical
BillingBlockStatus categorical
BillingDate date
BillingPlan categorical
BottleneckType categorical
ClaimedStocksQuantity numeric
CompanyCode categorical
CompleteDelivery numeric
ConfirmedDeliveryDate date
ConfirmedQuantity numeric
Contact categorical
CreationDate date
CreditBlockReason categorical
CreditStatus categorical
Customer categorical
CustomerCountry categorical
CustomerIndustry categorical
DeliveringOrders categorical
DeliveryBlock categorical
DeliveryBlockSalesArea categorical
DeliveryGroup categorical
DeliveryltemCreationDate date
DeliveryPriorityHeader categorical
DeliveryPriorityltem categorical
DeliveryStatus categorical
DeliveryStatusDeliveringOrders categorical
DocumentCategory categorical
DocumentCurrency categorical
ExpectedDelay numeric
ExpectedDeliveryDate date
FixedDateAndQty categorical
FollowUpDocument categorical
ForwardingAgent categorical
Incoterm categorical
InputAllocation categorical
ItemCategory categorical
Material categorical
Material AvailabilityDate date
MaterialBlockPlant_SP categorical
MaterialBlockX_Plant categorical
MRPController categorical

Attribute Type
MRPGroup categorical
NetWeight numeric
OrderCombination categorical
OrderDueDate date
OrderManagementStatus categorical
OrderNumber categorical
OrderReason categorical
OrderTypeDeliveringOrders categorical
OrderedQuantity numeric
OTDGoodslssueDate date
PlannedDeliveryTimelnDays numeric
Plant categorical
POTypeYA categorical
ProcurementType categorical
ProductHierarchy categorical
ProfitCenter categorical
PurchaseOrder categorical
PurchasingltemCategory categorical
QuantityOpen numeric
ReferenceDocument categorical
RequestedDeliveryDate date
Route categorical
RouteSchedule categorical
SalesDocumentType categorical
SalesGroup categorical
SalesOffice categorical
SalesOrder categorical
SalesOrganization categorical
SalesValue numeric
ScheduleLineBlockForDelivery categorical
ScheduleLineCategory categorical
ScheduleLineStatus categorical
ShippingPoint categorical
ShippingType categorical
SnapshotDate date
SpecialProcurement categorical
SpecialStock categorical
SDocCreator categorical
StockStatusDeliveringOrders categorical
StorageL ocation categorical
Usage categorical
WorkOrder categorical
YFIRSTDATE date




Appendix 3. Data pre-processing figures

Figures 18 — 20 present boxplots displaying the data before and after outlier removal.
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Figure 18. Boxplot of the raw dataset
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Figure 19. Boxplot of the data after removing outliers using the z-score method
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Figure 20. Boxplot of the data after removing outliers based on previous boxplot



Variables

Histogram of target variable is presented in Figure 21.
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Figure 21. Target frequency distribution with raw data

Figure 22 shows the correlation values for each pair of numerical and binary attributes.

Target variable is included in the heatmap.
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Figure 22. Correlation matrix



Figures 23 — 37 illustrate the relationship between the numerical attributes and the target
variable. The plots present the target values range as found in the dataset after removal of

outliers.

Scatterpiot of TARGET va ConfirmedCQuantity ‘Scatterplot of TARGET va ClaimedStocksQuant




The probability distributions for the various categorical attributes are illustrated in Figures

38 —94.
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