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Manufacturing companies face increasing challenges in maintaining delivery reliability 

amid volatile supply chain conditions. Delays in order fulfilment can lead to significant 

operational and financial consequences, highlighting the need for proactive planning. This 

thesis investigates the feasibility of using machine learning (ML) to predict orders likely to 

be delayed in a Finnish production company. The study applies the Design Science Research 

Methodology to develop and evaluate a ML model trained on three years of historical order 

and production data for cylinder products. 

 

The model was built using Microsoft Fabric’s AutoML feature and evaluated using standard 

classification metrics, including ROC-AUC, precision, recall, and F1-score. The best-

performing algorithm, LightGBM, achieved a ROC-AUC of 0.943, precision of 0.747, recall 

of 0.637, and an F1-score of 0.687. These results demonstrate that ML can effectively 

identify high-risk orders, enabling earlier interventions. Feature importance analysis 

revealed that lead time, product characteristics, and short-term workload were key predictors 

of delays. While the study confirms the potential of ML for improving delivery reliability, 

limitations such as class imbalance and overfitting remain. Future work should focus on 

expanding the dataset, applying regularization techniques, and integrating the model into 

operational workflows for real-time decision support. 
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Valmistavan teollisuuden yritykset kohtaavat yhä suurempia haasteita toimitusvarmuuden 

ylläpitämisessä epävakaissa toimitusketjuolosuhteissa. Tilausten viivästykset voivat 

aiheuttaa merkittäviä operatiivisia ja taloudellisia seurauksia, mikä korostaa ennakoivan 

suunnittelun tarvetta. Tämä diplomityö tutkii koneoppimisen (ML) soveltuvuutta tilausten 

viivästymisen ennustamiseen suomalaisessa tuotantoyrityksessä. Työssä hyödynnetään 

Design Science Research -menetelmää mallin kehittämiseksi ja arvioimiseksi. Malli 

koulutettiin kolmen vuoden tilaus- ja tuotantodatalla, joka koski sylinterituotteita. 

Mallin rakentamisessa käytettiin Microsoft Fabricin AutoML-ominaisuutta, ja sen 

suorituskykyä arvioitiin luokittelumittareilla, kuten ROC-AUC, tarkkuus (precision), 

herkkyys (recall) ja F1-pisteet. Parhaiten suoriutunut algoritmi, LightGBM, saavutti ROC-

AUC-arvon 0,943, tarkkuuden 0,747, herkkyyden 0,637 ja F1-pisteet 0,687. Tulokset 

osoittavat, että ML voi tehokkaasti tunnistaa viivästymisriskissä olevat tilaukset, mikä 

mahdollistaa aikaisemmat toimenpiteet. Tärkeimmät viivästymistä ennustavat tekijät olivat 

toimitusaika, tuotteen ominaisuudet ja lyhyen aikavälin kuormitus. Vaikka tutkimus 

vahvistaa ML:n potentiaalin toimitusvarmuuden parantamisessa, havaittiin myös rajoitteita, 

kuten luokkien epätasapaino (class imbalance) ja ylisovittaminen (overfitting). 

Jatkokehityksessä tulisi laajentaa aineistoa, hyödyntää regularisointitekniikoita ja integroida 

malli osaksi operatiivisia prosesseja reaaliaikaisen päätöksenteon tueksi.  
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1  Introduction 

This chapter introduces the context and motivation for the study, outlines its objectives and 

scope, and presents the research questions guiding the work. It also describes the research 

methodology and data collection approach, followed by an overview of the thesis structure. 

Together, these parts lay the groundwork for understanding the problem and the approach 

used to develop and evaluate the solution.  

1.1  Background 

Global supply chains operate in an environment increasingly characterized by volatility, 

uncertainty, complexity, and ambiguity. For manufacturing companies, this dynamic context 

amplifies the importance of delivery reliability as a key performance indicator. Reliable 

deliveries are not only critical for customer satisfaction but also directly influence 

operational efficiency, inventory levels, and cost structures. (Bauer et al., 2021, p. 1) Failure 

to meet confirmed delivery dates can lead to significant financial and reputational 

consequences, making proactive planning essential. In this setting, predictive analytics 

offers an opportunity to enhance decision-making by anticipating disruptions before they 

occur.  

1.2  Objectives, Scope and Research Questions 

This thesis investigates the feasibility of using machine learning (ML) to predict orders likely 

to be delayed in a Finnish manufacturing company. The study applies the Design Science 

Research Methodology (DSRM) to develop and evaluate a ML model. The model is trained 

on historical order and production data and assessed using standard classification metrics, 

including ROC-AUC, precision, recall, and F1-score. The research focuses on cylinder 

products, which represent a critical category for the company, and aims to demonstrate how 

predictive analytics can support proactive resource allocation and workflow planning.  
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Based on these objectives, the main research question guiding this thesis is: 

“Can machine learning be used to predict orders likely to be delayed in a Finnish 

production company?” 

 

To support this, the following sub-questions are addressed: 

• What are the main factors contributing to delivery delays? 

• Which machine learning methods are most suitable for predicting delivery delays in 

this context? 

• How well does the developed model perform in predicting delayed orders? 

• What limitations and improvement opportunities exist for scaling the model beyond the 

current scope? 

1.3  Research Methods and Data Collection 

This study follows the Design Science Research Methodology (DSRM) because the 

objective is to design and evaluate an artifact, a machine learning model, that addresses a 

practical business problem. DSRM ensures both scientific rigor and relevance by combining 

theoretical insights with empirical testing.  

The research process included six main activities: 

1-2) Problem identification, motivation and defining the objectives, based on internal 

workshops and interviews with manufacturing stakeholders. 

3) Design and development, where historical ERP data was prepared and used to train 

machine learning models. 

4-5) Demonstration and Evaluation, using standard classification metrics such as ROC-

AUC, precision, recall, and F1-score to assess model performance. 

6) Communication by writing thesis and presenting the study to the company. 
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Data collection began with interviews and workshops with stakeholders, which provided 

insights into goals, challenges, and relevant delay factors. These discussions, along with a 

literature review and internal documentation, informed the selection of features and clarified 

business requirements for predictive analytics. Based on this understanding, three years of 

historical order and production data for cylinder products were extracted from the company’s 

ERP system to build the dataset. In Table 1 Topic, Scope, Problem and Research methods 

have been listed out. 

 

Table 1. Thesis topic, scope, problem and research methods. 

Topic Scope Problem Research Method 

Improving delivery 

capability by 

predicting deliveries 

that are likely to be 

delayed using a 

machine learning 

model 

Cylinder products - Improving delivery 

capability 

- Reasons for delivery 

delays 

- Lack of visibility 

into orders 

- Difficulty in 

prioritizing orders 

- Informing customers 

Design Science 

Interviews 

Scientific literature 

 

1.4  Thesis Structure 

This thesis is structured as follows. Chapter 2 reviews delivery reliability in the order-to-

delivery process and identifies key performance indicators related to it. Chapter 3 discusses 

data analytics and its role in decision-making. Chapter 4 introduces machine learning 

concepts and evaluation metrics relevant to this study. Chapter 5 presents the company’s 

current order-to-delivery process and defines the research problem. Chapter 6 details the 

design, development, and evaluation of the ML model. Chapters 7 and 8 present the 

conclusions and summary of findings, discuss practical implications, and outline limitations 

and directions for future research. The structure of the thesis is presented in Table 2.  
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Table 2. Implementation of the Study 

Chapter Input Output 

Chapter 1: 

Introduction 

Company context, research 

motivation 

Problem definition and research plan 

Chapter 2: 

Literature 

Academic sources and best 

practices for delivery 

reliability and order-to-

delivery process. 

Explanation of the order-to-delivery process 

and delivery reliability with identification of 

related KPI’s 

Chapter 3: 

Literature 

Academic sources and best 

practices for Data Analytics 

Definition Data Analytics in Decision-

Making and types of analytics. 

Chapter 4: 

Literature  

Academic sources and best 

practices for Machine 

Learning modelling  

Identification of suitable machine learning 

methods for predicting delivery delays 

Chapter 5: 

Study  

Company knowledge from 

interviews 

Problem identification & objectives: 

understanding of the order process and 

expected factors contributing to delivery 

delays.  

Chapter 6: 

Study  

Historical order and delivery 

data; technical skills for 

building ML model 

Design & Demonstration: 

Evaluation of the model’s performance in 

predicting delayed orders 

Chapter 7: 

Conclusions 

Evaluation results and 

discussion 

Answers to research questions and key 

conclusions 

Chapter 8: 

Summary 

Summary of findings Summary of findings, practical implications, 

limitations, and directions for future research 
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2  Delivery Reliability in Order-to-Delivery Process 

This chapter examines the order-to-delivery process, defines delivery reliability, and 

explores ways to measure its performance based on academic literature. Assessing delivery 

reliability requires looking at the entire supply chain and its stakeholders to understand the 

manufacturing capabilities that influence order fulfilment. 

2.1  Supply Chain Management 

Supply chain has many definitions in literature (Sakki, 2014) but one of the most popular 

ones is as follows “The supply chain encompasses all activities associated with the flow and 

transformation of goods from raw materials (extraction), through the end user, as well as 

associated information flows. Material and information flow both up and down the supply 

chain.” (Handfield & Nicholas, 1999; Sarkis, 2014, pp. 3–4) In other words supply chain is 

network of organizations working on improving the material and information flows between 

different parties like suppliers and customers. Supply chain aims to increase customer 

satisfaction by enabling working of the flows at the lowest cost and highest speed. (Govil & 

Proth, 2002, p. 7) 

In the Figure 1 generalized supply chain is presented. Suppliers are in the upstream of supply 

chain (Sarkis, 2014, p. 4). They start the material flow to downstream. Material flows from 

raw material or component to product delivered to customer. (Govil & Proth, 2002, p. 8; 

Sakki, 2014). Middle part of the supply chain includes the activities and practises happening 

internally in the company. After these activities, in the downs stream products are delivered 

to customers. (Sarkis, 2014, p. 4)  

However, it is important to note that the process starts from the demand (Sakki, 2014) 

Customers in downstream start the process by sending demand information flow to upstream 

(Sakki, 2014) where it goes through retailers, manufacturing companies, logistics and raw 

material providers. (Govil & Proth, 2002, p. 8) Loop elements are added to showcase the 
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importance of bringing materials and product back to the system to extend their useful cycle. 

(Govil & Proth, 2002, p. 8; Sarkis, 2014, p. 4) 

 

Figure 1. Generalized diagram of supply chain elements flows and relationships. Modified from 

(Sarkis, 2014, p. 4) 

 

Term Supply chain management (SCM) refers to planning and controlling of supplier and 

supply chain (Martinsuo et al., 2016). Its aim is improving supply chain activities to achieve 

a sustainable competitive advantage (Handfield & Nicholas, 1999; Ross, 2010, p. 14).  

Therefore, supply chain management is often seen as one of the most important strategic 

focuses when talking about competitive advantage. (Ross, 2010, p. 1) 

2.2  Order-to-delivery Process and KPIs 

In this thesis concentration is on the activities relating to Order-to-delivery process. As 

mentioned, demand is needed for supply chain to start (Sakki, 2014). When demand triggers 

order flow, the process is called order-to-delivery chain, which is important part of supply 

chain definition. Order-to-delivery chain could also be defined as a value chain. Value chain 

is a chain between companies in which the products undergo a step-by-step transformation 

from raw materials to finished goods. (Sakki, 2014) This chain includes multitude of parties 

and activities like procurement, R&D, Operations, Marketing and Logistics. In the Table 3 

some of these activities are presented according to Porter’s Value Chain Model. (Sakki, 

2014; Sarkis, 2014, p. 5) Porter’s Value Chain model divides value function to two classes, 

primary activities, and support activities (Sakki, 2014). When activities are performed 
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sequentially chain can be called a process. Therefore, in this thesis term “Order-to-delivery 

process” is used. In process activities usually repeat in a similar manner. (Sakki, 2014) 

 

Table 3. Technologies, activities, and concerns facing supply chain (Modified from (Sakki, 2014; 

Sarkis, 2014, p. 5) 

SUPPORT  

ACTIVITIES 

Firm 

Infrastructure 

Finance, accounting, legal matters, business management 

Human 

Resources 

Management 

Hiring and development of personnel 

Technology Maintenance of equipment and procedures  

Procurement Procurement activity 

Inpound 

Logistics 

Operations Outpound 

Logistics 

Marketing & 

Sales 

Service 

Transportation Process Transportation Media Communication 

Material 

handling 

Material 

Handling 

Material 

Handling 

Audio/video Information 

systems 

Material storage Machine Tools Communications Communications Testing 

Information 

systems 

Information 

systems 

Information 

systems 

Information 

systems 

 

Testing Packaging 

Testing 

Packaging   

Communications Maintenance    

PRIMARY ACTIVITIES 

 

Since the process includes many activities also the management of the order-to-delivery 

chain encompasses not only the flow of goods but also the related information, such as the 

transmission and processing of orders, as well as the planning and execution of payment, 

monetary, and capital resources (e.g., processing purchase invoices). As presented in Figure 

2 the order-to-delivery chain consists of both the flow of goods and the flow of information 

and money. With numerous commercial transactions in both procurement and sales, a vast 

number of order-to-delivery chains are formed. (Sakki, 2014) 

Important part of order-to-delivery process management is measuring the performance of 

the process (Ghiani et al., 2013, p. 28; Sakki, 2014). Efficient monitoring requires defining 

of indicators for the logistic activities. These indicators are called key performance indicators 

(KPI). (Ghiani et al., 2013, p. 28) Every company should define KPI set for their specific 

needs but generally there is three types of indicators: 1) Volume, Quantity of work Involved 
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in the process, 2) Effectiveness, Quality provided by the process and 3) Efficiency, Costs 

generated by the process. (Ghiani et al., 2013, p. 28) KPI’s are measured with suitable 

metrics that can vary depending on the use case (Ghiani et al., 2013, p. 29). This thesis 

concentrates on KPI’s related to measuring reliability of delivery and manufacturing 

capabilities affecting it. (Sakki, 2014) 

 

 

Figure 2. Order-to-Delivery Process includes information, product and payment flows (Sakki, 

2014, p. 12) 

 

Delivery reliability refers to how well a company can adhere to the confirmed delivery date 

for a customer. Delivery reliability is widely recognized as critical competitive capability in 

manufacturing. It not only influences customer satisfaction but can also serve as a source of 

strategic advantage. In many industries, dependable delivery has become a minimum 

requirement for remaining competitive, as customers’ demands increase. (Sarmiento et al., 

2007, pp. 369–370). Delivery reliability often interacts with other manufacturing 

capabilities, such as quality, flexibility, and cost, creating either trade-offs or compatibility 

situations. A trade-off means that achieving high performance in multiple areas is 

simultaneously difficult, while compatibility suggests that strong performance is possible 

across several dimensions. Understanding relationships between capabilities is important 

because delivery reliability can influence lead times, quality, costs, customer service, and 

inventory levels, making it a key factor in overall manufacturing efficiency. (Pajić et al., 

2021, p. 508; Sarmiento et al., 2007, pp. 371–373)  
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In Figure 3 relationships between manufacturing capabilities are presented to showcase the 

trade-off and compatibilities of capabilities related to on-time delivery. Examples for trade-

offs could be 1) if one tries to reduce cycle time by producing faster, that might compromise 

quality because there’s less time for thorough checks, or 2) if quality is higher that might 

increase cost due better materials or stricter processes. Same goes with compatibility. If one 

improves fast delivery or flexibility, it naturally helps with on-time delivery. 

 

 

Figure 3. Relationships between Manufacturing Capabilities (Sarmiento et al., 2007, p. 374) 

 

On-time Delivery (OTD) is one of the main KPI’s of Reliability of Delivery and therefore it 

is commonly used to measure performance in supply chain practices. It is closely linked to 

manufacturing, distribution and procurement lead times and availability of materials. (Pajić 

et al., 2021, p. 508) 

 

𝑂𝑇𝐷 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑂𝑟𝑑𝑒𝑟𝑠 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑂𝑛 𝑇𝑖𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑂𝑟𝑑𝑒𝑟𝑠
 𝑥 100                  (1) 

 

 

Delivery time also known as lead time describes the time it took to make the order and 

deliver it. (Sakki, 2014) In the Figure 4 delivery time is presented from customers and 



19 

 

 

supplier’s perspective. From customers point of view delivery starts from the moment they 

place the orders and ends when they receive order. For supplier the delivery time starts from 

receiving the order and ends when they send out the order. (Pajić et al., 2021, pp. 614–616; 

Sakki, 2014) This figure showcases important moments from the order-to-delivery process. 

 

 

Figure 4. Delivery time from customers and suppliers’ perspective (Pajić et al., 2021, pp. 614–616; 

Sakki, 2014)  

 

Delivery capability metrics like Order Fill rate (OFR) evaluate whether orders are fulfilled 

in full without shortages. Fill rates can be followed by products order lines, or by order value. 

This enables analysis on reasons of problems with delivery capabilities. Fill rates can for 

example showcase resource availability issues.  (Sakki, 2014) Table 4 summarizes some of 

the most relevant KPIs for delivery reliability, including their definitions and calculation 

methods, serving as a reference for evaluating process performance and guiding 

improvement initiatives. 

 

𝐹𝑖𝑙𝑙 𝑅𝑎𝑡𝑒 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑂𝑟𝑑𝑒𝑟 𝐸𝑛𝑡𝑖𝑡𝑖𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑂𝑟𝑑𝑒𝑟 𝐸𝑛𝑡𝑖𝑡𝑖𝑒𝑠
 𝑥 100               (2) 

 

While KPIs measure performance outcomes, they do not fully explain why delays occur. 

KPI metrics help evaluate the order-to-delivery process, but it is equally important to analyse 

the root causes behind performance outcomes. Therefore, to improve delivery reliability, it 
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is essential to identify underlying factors that contribute to late deliveries. Literature 

identifies multiple factors that can disrupt delivery reliability, including inaccurate demand 

information, supplier failures, logistics bottlenecks, and production capacity issues 

(Katsaliaki et al., 2022, pp. 972–973). These factors can later serve as input variables for 

predictive models, enabling a proactive approach to managing delivery performance. In this 

thesis different factors are gathered in interviews with stakeholders. 

 

Table 4. Delivery reliability related measures gathered from (Ghiani et al., 2013, pp. 30–31; 

Nakandala et al., 2013, p. 507; Sakki, 2014) 

Description Measure 

The Number of Business 

Transactions 

# 𝑜𝑓 𝐵𝑢𝑠𝑖𝑛𝑒𝑠𝑠 𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 # 𝑜𝑓 𝑆𝑎𝑙𝑒𝑠 𝑂𝑟𝑑𝑒𝑟𝑠 

# 𝑜𝑓 𝑆𝑎𝑙𝑒𝑠 𝑂𝑟𝑑𝑒𝑟 𝐿𝑖𝑛𝑒𝑠 # 𝑜𝑓 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑂𝑟𝑑𝑒𝑟𝑠 

# 𝑜𝑓 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒 𝑂𝑟𝑑𝑒𝑟 𝐿𝑖𝑛𝑒𝑠 

Delivery time: “How much time it took to make the order and deliver it?” 

Lead Time / Processing 

time / Average Delivery 

time 

=  
𝑁𝑒𝑡 𝑤𝑜𝑟𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒

# 𝑜𝑓 𝑇𝑟𝑎𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠
 (ℎ) 

Productivity =
𝐼𝑛𝑝𝑢𝑡

𝑂𝑢𝑡𝑝𝑢𝑡
 

Delivery reliability: “How well orders are fulfilled?” 

Delivery capability / Fill 

rates 

 

=  
𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑜𝑟𝑑𝑒𝑟𝑠

𝐴𝑙𝑙 𝑂𝑟𝑑𝑒𝑟𝑠
 (%), 

Order lines (#), Products (#), Orders (#), Sales Amount (€) 

Percentage of 

Backorders 
% 𝑜𝑓 𝐵𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟𝑠 =

𝐵𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟𝑠

𝐴𝑙𝑙 𝑂𝑟𝑑𝑒𝑟𝑠
 (%) 

On-Time Delivery 

(OTD) 

 

=
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑂𝑟𝑑𝑒𝑟𝑠 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑂𝑛 𝑇𝑖𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑂𝑟𝑑𝑒𝑟𝑠
 𝑥 100 

Order Accuracy 

 
=

𝑂𝑟𝑑𝑒𝑟𝑠 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑒𝑟𝑟𝑜𝑟𝑠 𝑜𝑟 𝑑𝑖𝑠𝑐𝑟𝑒𝑝𝑎𝑛𝑐𝑖𝑒𝑠

𝐴𝑙𝑙 𝑂𝑟𝑑𝑒𝑟𝑠
 𝑥 100 

Inventory 

Inventory turnover 

 
=  

𝐴𝑛𝑛𝑢𝑎𝑙 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦
 

Customer Satisfaction Score: “How satisfied customer are?” 
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3  Data Analytics in Decision-Making 

This chapter examines how organizations use data analytics to improve decision-making 

based on academic literature. It explains how raw data is transformed into meaningful 

information and knowledge as well as introduces different types of analytics that help 

businesses understand what happened, why it happened, and what actions should be taken. 

3.1  Data-driven Decision-making 

Data-driven decision-making refers to the use of analysed information to guide 

organizational decisions. This approach relies on insights, models, and evidence generated 

through data analytics, with the goal of making decisions based on facts rather than intuition. 

Analytics enables efficient collection, integration, and analysis of data, thereby improving 

the quality and accuracy of decision-making. Successful implementation requires strong 

analytical skills, the integration of analytics into strategic planning, adaptable organizational 

processes, and, most importantly, a data-driven culture within the organization. (Elgendy et 

al., 2021, pp. 346–349; Ransbotham et al., 2016; Van Rijmenam et al., 2019) 

In decision-making situations, data is the raw material of information. Meaningful data can 

be classified as information and when information is interpreted, knowledge is created. 

Knowledge can be considered to be generated in a person's mind, which is a mixture of 

contextualized information, experiences, experts' views and values. In classification, 

knowledge has the greatest meaning and value compared to raw data. (Davenport & Prusak, 

2000, pp. 5–6; Rowley, 2007, p. 174) Hierarchy of knowledge is presented in Figure 5. 

The quality of the data has a direct connection to the quality of the information generated 

from it (Dama International, 2010, p. 291). Data quality can be assessed using qualitative 

methods, where the relevance of data is determined based on its intended use and content 

(Anderson, 2015, p. 20) Although discussions on data quality have been ongoing for 

decades, significant challenges still persist in organizations today (Mckendrick, 2021, p. 6). 

According to Anderson (2015), the following requirements can be given to data: 1) Usability, 
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2) Accuracy, 3) Completeness, 4) Relevance, 5) Timeliness and 6) Consistency and 

Uniformity. (Anderson, 2015, pp. 20–22) 

 

 

Figure 5. Hierarchy of knowledge (Davenport & Prusak, 2000). 

 

Usability means that, in addition to having access rights, appropriate tools must be available 

to transform data into a usable format and enable analysis. Simply having access to a 

database does not guarantee that the data is usable. Furthermore, data should be free from 

errors, such as outdated or distorted values, as these can alter the overall picture and lead to 

incorrect decisions. Missing or incomplete data can have a similar effect. (Anderson, 2015, 

pp. 20–22; Palonka & Begovic, 2016) 

Relevance implies that the dataset should contain all essential information required for the 

intended report or analysis. Timeliness refers to the availability of data when it is needed for 

rapid analysis and decision-making; otherwise, it may only serve long-term planning 

purposes. Finally, consistency and uniformity reflect the ability to integrate data from 

different sources into a coherent whole. For example, customer data often resides in multiple 

systems but can be combined if a common identifier exists. (Anderson, 2015, pp. 20–22; 

Palonka & Begovic, 2016) 

 



23 

 

 

3.2  Data Analytics 

Data analytics refers to the systematic process of utilizing data to generate insights and 

support decision-making. According to Davenport and Harris (2017), data analytics involves 

the extensive use of data, statistical and quantitative analysis, explanatory and predictive 

models, and fact-based management to guide decisions and actions. (Davenport et al., 2017, 

p. 26) In other words data analytics consists of descriptive, diagnostic, predictive, 

prescriptive, pre-emptive, and autonomous analytics (Dai et al., 2019, p. 4; Davenport et al., 

2017, p. 26; Sivarajah et al., 2017, p. 266). Figure 6 and Figure 7 illustrates the different 

approaches of data analytics. First figure presents the road from information to action and 

second showcases levels of analytics by sophistication versus competitive advantage. 

Descriptive analytics (Business intelligence, BI, Performance reporting) examines historical 

data to determine the current business situation and identify trends and patterns. (Dai et al., 

2019, p. 19; Davenport et al., 2017, p. 26; Sivarajah et al., 2017, p. 266) Descriptive analytics 

aims to answer the question "What happened?" (Maheshwari et al., 2021, p. 1883). Tools 

such as standard and case-specific reports, summary views (dashboard), scorecards and 

alarms can be used as a help. (Dai et al., 2019, p. 19; Davenport et al., 2017, p. 26; Sivarajah 

et al., 2017, p. 266) 

 

 

Figure 6. Data-analytics. Modified from (Davenport et al., 2017, p. 26; Sivarajah et al., 2017, p. 

266) 

 



24 

 

 

Diagnostic analytics, also referred to as inquisitive analytics, aims to answer the question 

"Why did it happen?" (Maheshwari et al., 2021, p. 1883). It can be used, for example, to 

explore underlying causes through techniques such as data drilling, statistical analysis, and 

factor analysis, which are commonly used to validate business hypotheses and process 

proposals. (Sivarajah et al., 2017, p. 266)  

Predictive analytics focuses on forecasting future outcomes using statistical modelling and 

quantitative techniques such as segmentation and network analysis. It aims to answer the 

question “What is likely to happen?” and is widely applied in classification, regression, and 

anomaly detection. (Dai et al., 2019, p. 19,21; Davenport et al., 2017, p. 26; Maheshwari et 

al., 2021, p. 1883; Sivarajah et al., 2017, p. 266)  

 

 

Figure 7. Data analytics level by sophistication vs. competitive advantage. Modified from 

(Davenport et al., 2017, p. 26) 

 

Prescriptive analytics answers the question "What should be done?" (Maheshwari et al., 

2021, p. 1883) It employs quantitative techniques such as optimization (Davenport et al., 

2017, p. 26), as well as simulations and testing to evaluate strategies for improving 

performance and reducing costs (Dai et al., 2019, p. 22; Sivarajah et al., 2017, p. 266) 
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Technologies like machine learning and recommendation engines are used to specify optimal 

behaviours (Davenport et al., 2017, p. 26). Therefore, prescriptive analytics aims to steer 

operations in a better direction, supporting decision-making after predictive analytics has 

determined what will happen.  (Sivarajah et al., 2017, p. 266) 

Pre-emptive analytics refers to the ability to take precautions against events that may 

negatively affect organizational performance. This includes identifying potential risks and 

recommending mitigating strategies well in advance. (Sivarajah et al., 2017, p. 266) 

Autonomous analytics represents the most advanced stage of data analytics and seeks to 

answer the question “What can we learn from the data?” It leverages technologies such as 

artificial intelligence and cognitive systems, including machine learning, to improve models 

and extract insights from data. The primary aim of autonomous analytics is to minimize the 

need for human involvement in the analysis process. (Davenport et al., 2017, p. 26)  
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4  Machine Learning 

In this chapter, the concept of machine learning is explained. It begins with the history and 

definition of machine learning, followed by key concepts related to the field. The chapter 

also introduces important steps in the machine learning process, including data acquisition, 

feature engineering, model selection, model estimation, model evaluation, and model 

interpretation. 

4.1  Machine Learning History and Definition 

Concept of machine learning (ML) started to develop during and as a result of the 

“Reasoning Age” of Artificial Intelligence (AI) research between the 1950s to early 1970s. 

During Reasoning Age, the idea was that if machine can do logical reasoning it could get 

intelligence. (Zhou, 2021, p. 11) During 1950s A. Turing published first papers about 

possibility of machine learning. After that in the 1950s studies were published about neutral-

network-based connectionism including papers, Rosenblatt’s Perceptron and Widrow’s 

Adaline. In the 1960s and 1970s, logic-representation-based symbolism learning, decision-

theory-based learning, reinforcement learning and the foundations of statistical learning 

theory emerged forming the basis for modern methods. (Zhou, 2021, p. 12) 

However, during the advance study of “Reasoning Era” it was argued that machines need to 

acquire knowledge to be called intelligent. In the mid of 1970s, this argument started a new 

phase of AI study called “Knowledge age”. (Zhou, 2021, p. 11) This fuelled the study of 

self-learning Machines. In 1980s machine learning was established as an independent 

research field. Additionally, many foundation works like “Machine Learning: An Artificial 

Intelligence Approach” edited by (Michalski et al., 1983) was published and first machine 

learning Journal was launched. (Zhou, 2021, p. 12) During 80’s the most researched 

approach was “learning from examples” which includes supervised learning and 

unsupervised learning explained later on this chapter. Techniques of “learning from 

examples” like symbolic learning including decision trees, inductive logic programming 

(ILP) dominated this phase. (Zhou, 2021, p. 13) In 1990s neural networks resurged and 

statistical learning was a mainstream (Zhou, 2021, pp. 13–14). In 2000s connectionism 
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emerged again with the study of deep learning which means neural networks with multiple 

layers. Deep learning became popular because advancement in hardware with computing 

power to handle complex models. (Zhou, 2021, p. 15) 

By definition, machine learning refers to systems that improve their performance on future 

tasks by learning from data rather than relying on manually programmed rules. Unlike 

traditional AI approaches based on predefined knowledge bases, ML automatically builds 

models from observations, enabling generalization to new, unseen situations. This makes 

ML particularly valuable for complex and dynamic environments like manufacturing where 

all possible scenarios cannot be anticipated and relationships between parameters are 

difficult to define algorithmically. In such contexts, ML outperforms conventional methods, 

especially when dealing with high-dimensional datasets. (Bauer et al., 2021, p. 6) 

 

4.2  Types of Machine Learning  

Machine learning (ML) can broadly be categorized into four different types of learning 

which include 1) Supervised Learning, 2) Unsupervised learning, 3) Semi-Supervised 

Learning and 4) Reinforcement Learning (Bauer et al., 2021, p. 6; Burkov, 2019, p. 4; Jung, 

2022, p. 12) These ML methods vary depending on the type of dataset that ML algorithm 

uses for learning (Bauer et al., 2021, p. 6; Jung, 2022, p. 13) ML methods read data points 

created by applications. Data point can have many properties like features and labels. 

Features mean data point properties that are easily measured or can be computed with 

automation. Labels are properties which are difficult to measure and usually signify higher 

level facts which require defining by human experts. Simplified goal of ML is learning to 

predict the label of the datapoint based on the features of the datapoint. (Jung, 2022, p. 13)  

In this thesis, a data point refers to a single observation in the dataset. Each data point 

consists of features, which are measurable attributes such as product type or lead time, and 

a label, which represents the target outcome like whether the order is delayed. Features are 

sometimes referred to as properties of the data point, but in the context of machine learning, 

the term “feature” will be used consistently. 
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Supervised learning means type of learning where the algorithm is trained with dataset that 

contains labelled data points with correct input and output pairs (Burkov, 2019, p. 3; Jung, 

2022, p. 12; Murphy, 2012, p. 2). Labels for the data points in the training dataset can be 

added manually my humans. Goal of supervised learning is to learn a mapping from input 

features to output labels. (Jung, 2022, p. 12) Figure 8 showcases the idea of supervised 

learning. 

Supervised learning works by finding a function that predicts the correct output for each 

input in the training data. It does this by minimizing errors between predicted and actual 

values. While the idea is simple, real-world applications are challenging because datasets 

are huge, features are complex, and relationships are often non-linear. Modern techniques 

like deep learning solve this by using neural networks that can model these complex patterns 

efficiently. (Jung, 2022, p. 13) In manufacturing supervised Learning can be used to help 

process control, load forecasting (Bauer et al., 2021, p. 6) or in this thesis predicting delivery 

delays where historical labelled data enables predictions for future data points. 

 

 

Figure 8. Supervised Learning (modified from Bauer et al. 2021, p. 6). 

 

Supervised learning includes two main types of tasks: 1) classification and 2) regression. 

Classification predicts labels from input features by assigning an observation to one of 

several classes. It can be binary, multiclass, or multi-label, depending on the categories. 

Regression, on the other hand, predicts continuous numeric values, such as estimating stock 

prices or temperatures. Both approaches aim to learn a function from labelled training data 

that generalizes well to unseen inputs. (Murphy, 2012, pp. 3–9) 
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Unsupervised Learning refers to type of learning where the algorithm is trained with 

unlabelled dataset (Burkov, 2019, p. 4; Jung, 2022, p. 13; Murphy, 2012, p. 2,9) In this 

approach, the algorithm aims to find patterns and structures within the data points to learn 

good hypothesis or discover knowledge. It does not have predefined output labels. Clustering 

and feature learning are important techniques related to unsupervised learning. Clustering 

groups data points into subset based on similarity, and feature learning determines numeric 

representations. These methods are commonly used in dimensionality reduction and data 

visualization. (Jung, 2022, p. 13) In manufacturing, unsupervised learning can be used for 

fault detection (Bauer et al., 2021, p. 6) where anomalies in process are identified without 

prior labelling. Figure 9 showcases the idea of unsupervised learning. 

 

 

Figure 9. Unsupervised Learning (modified from Bauer et al. 2021, p. 6). 

 

Semi-Supervised Learning is combination of previously mentioned methods. In semi-

Supervised Learning algorithm uses dataset that contains both labelled and unlabelled data 

points. The goal for semi-supervised learning is same as the supervised learning algorithms. 

Normally there is larger amount of unlabelled data than labelled. (Burkov, 2019, p. 4)  

Reinforcement Learning (RL) is a type of learning where predictions created by the 

machine influence the generation of future data (Jung, 2022, p. 14). In other words, model 

learns by interacting with the environment (Jung, 2022, p. 14) with the goal of creating a 

policy that takes input and outputs optimal action (Burkov, 2019, p. 4).  Learning happens 

through reinforcement like rewards and punishments (Bauer et al., 2021, p. 6; Murphy, 2012, 

p. 2). Reinforcement Learning can be used to help, for example, order dispatching (Bauer et 

al., 2021, p. 6). Figure 10 showcases the idea of reinforcement learning. 

Additionally, Deep learning is a newer trend in machine learning inspired by the brain’s 

multi-layered processing, where each level learns increasingly abstract features. It aims to 



30 

 

 

replicate this architecture in computers and applies not only to vision but also to speech and 

language tasks. The field is evolving rapidly. (Murphy, 2012, p. 995) 

 

 

Figure 10. Reinforcement Learning (modified from Bauer et al. 2021, p. 6). 

 

From the common types of ML, the most suitable for this thesis is supervised learning. In 

this thesis, the training dataset consists of structured data with data points labelled based on 

delayed status. The goal of the models is to predict delayed label correctly to the future 

orders data. Supervised learning has many algorithms. In this thesis Microsoft Fabric 

AutoML is used to evaluate different supervised learning algorithms for binary 

classification. These models included tree-based models, linear models and instance-based 

models (Desai, 2024; Microsoft, 2025a). 

4.3  Machine Learning System 

Building machine learning system consists of following steps: 1) data acquisition, 2) feature 

engineering, 3) model selection, 4) model learning, 5) model evaluation, and 6) model 

explanation. (Murty & Avinash, 2023, p. 1) Data Acquisition refers to the input of ML 

model that consist of instances. It is important to select relevant instances to the study case. 

(Murty & Avinash, 2023, p. 3) Once selected relevant instances data needs to be collected 

(Murty & Avinash, 2023, pp. 4–6). Often data needs preprocessing to be usable for analytics 

(Ghiani et al., 2013, p. 51). During data collection challenges related to missing data, data 

types, differences in domain size and presence of outliers might occur. (Ghiani et al., 2013, 

p. 51; Murty & Avinash, 2023, pp. 4–6) For example, in case of delayed orders, material 
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resources used for specific sales order might not have been recorded and therefore that data 

is missing and cannot be used to train the model. At the same time data used to train the 

model might include different data types like numeric data (order qty) or categorical data 

(customer region). 

Differences in domain size refers to the differences in size between the classes. To solve this 

problem normalization is used. (Murty & Avinash, 2023, p. 6). Outliers in data refer to 

observations that deviate significantly from the other observations (Ghiani et al., 2013, p. 

52). Outliers can be result of noisy measurements, erroneous data entry, evolving systems or 

natural deviations in observations (Ghiani et al., 2013, p. 52; Murty & Avinash, 2023, pp. 

6–7).  

Feature engineering can be used to address problems associated with the data. (Murty & 

Avinash, 2023, p. 7) In case of missing data there is multiple feature engineering approaches 

commonly used. For example, K-Nearest Neighbours (KNN) method refers to use of 

multiple neighbour values to predict the missing values as the average or mode depending 

on the data type. Second example is cluster-based method which groups data into clusters 

and assigns the missing value based on the cluster centroid or mode based on the data type. 

(Murty & Avinash, 2023, pp. 8–10)  

For varying domain size normal methods of feature engineering relate to normalization. In 

range normalization numerical features are scales to a common range by dividing the 

difference by the feature’s range. This makes sure that the features with largest ranges do 

not dominate calculations. Other typical normalization method is standardization. In 

standardization numerical features are transformed so that the mean value of the feature is 

zero and standard deviation is one. (Murty & Avinash, 2023, p. 10) 

In feature engineering there is also multiple ways to detect and eliminate outliers. For out-

of-range outliers approaches include statistical methods and knowledge-based methods. For 

within-Range Outliers approaches include clustering-based methods and frequency-based 

methods. (Murty & Avinash, 2023, pp. 12–14) 

Additionally, when acquiring data and planning datasets content one must be vary of 

Leakage. Leakage refers to situation where data outside of the training data influences the 

training of the model. (Joshi, 2023, p. 210) This can refer to case when model is trained with 

data that was not available when occurrence happened like customer category that was added 
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later on to the sales order. Impact of leakage is that model performs too well during training 

and validation but poorly in production (Joshi, 2023, p. 210). 

Once the data is engineered to appropriate form, model can be selected and learned. 

Depending on the type of data, model can be selected from different learning algorithms. 

(Murty & Avinash, 2023, p. 2) Once the learner algorithm is selected training may begin 

with training data. When a ML model learns training data too well its ability to generalize to 

new data reduces. This phenomenon is called overfitting. Usually, the model ends up being 

too complex. On the other hand, when a ML model fails to capture underlying patters in the 

training data due insufficient complexity that is called underfitting. (Murty & Avinash, 2023, 

p. 3; Zhou, 2021, p. 26) Model learning highlights the importance of splitting training data 

to training data set and validation data sets. In this way one can evaluate the model on 

multiple datasets to minimize bias. (Murty & Avinash, 2023, pp. 14–15) The difference 

between the predicted output and the ground truth output is called error. Error with training 

dataset is called Training error or Empirical Error. Error with validation data including 

unseen samples is called Generalization error. Good learners are the ones that perform well 

with new samples. Still, it is important to point out that overfitting is unavoidable, and the 

focus should be on minimizing it. (Zhou, 2021, p. 26) 

4.4  Model Evaluation and Performance Metrics for Classification Models 

Various performance metrics can be used to evaluate models. In this thesis focus is on 

evaluation of classification algorithms. To assess the performance of a model the Confusion 

Matrix is used to describe the complete performance. (Gupta & Sehgal, 2021, p. 67) Base of 

the model is shown in Figure 11. The confusion matrix showcases two dimensions “Actual” 

and “Predicted” in a table (Gupta & Sehgal, 2021, p. 68). Both dimensions have “True 

Positives (TP),” “True Negatives (TN),” “False Positives (FP),” and “False Negatives (FN)”. 

(Figure 11) (Gupta & Sehgal, 2021, p. 68; Zhou, 2021, p. 34). True Positive (TP) means case 

when data point of actual case and predicted class is 1. True Negative (TN) means case when 

data point of actual case and predicted class is 0. False Positive means case when data point 

of actual class is 0 and predicted class is 1. False Negative (FN) means case when data point 

of actual class is 1 and predicted class is 0. (Gupta & Sehgal, 2021, p. 68) Based on the 
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category performance metrics can be defined. Most common metrics include Accuracy, 

Precision, Recall, F1, Support and ROC-AUC. (Gupta & Sehgal, 2021, p. 68) 

 

 

Figure 11. Confusion Matrix (Gupta & Sehgal, 2021, p. 68; Zhou, 2021, p. 34) 

 

Accuracy 

 

Accuracy is the percentage calculated based on number of correct predictions compared to 

all predictions. (Gupta & Sehgal, 2021, p. 68) It answers to question of “How often the model 

is right?” (Evidently AI Team) Accuracy evaluates model well when there is equal number 

of samples in both classes. For this metric all classes are equal in importance. This might 

cause distortion when there is high imbalance of classes for example while predicting events 

that occur rarely. (Gupta & Sehgal, 2021, p. 68) Model might have high accuracy by 

predicting most of the events right but still have predicted all of the rarely occurring events 

wrong. (Gupta & Sehgal, 2021, p. 68; Zhou, 2021, p. 34) This is especially problematic when 

cost of misclassification of the minor event is high. (Evidently AI Team; Gupta & Sehgal, 

2021, p. 68)  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁=𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁=𝐴𝑙𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
                 (3) 
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For example, if there is case of 21 orders, where 3 of them are delayed and 18 on time.  As 

presented in Figure 12 where boxes showcase individual orders, if the model predicts that 

all of the orders are on time the accuracy will be 85% even though it predicted all of the 

delayed orders wrong. Based on this for this thesis Accuracy will not be enough to evaluate 

the model. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
18

21
= 0,85 

 

X Delayed order, O On time order 

O O O O O O O 

O X O O X X O 

O O O O O O O 

 

I  I Predicted delayed order, I  I Predicted on time order 

O O O O O O O 

O X O O X X O 

O O O O O O O 

 

Figure 12. Example of Accuracy 

 

Precision 

 

Precision is next metrics. It tells number of true positives compared to the number of all 

positive results. Downside is that it does not take into account false negatives. (Joshi, 2023, 

p. 217) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃=𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑃+𝐹𝑃=𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
     (4) 
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To continue previous example, where there was case of 21 orders, 3 of them delayed, 18 on 

time. As showcased in Figure 13, if the model predicts that all of the orders are on time the 

precision will be 0% since it did not predict any delayed orders correctly. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0 

X Delayed order, O On time order 

O O O O O O O 

O X O O X X O 

O O O O O O O 

 

I  I Predicted delayed order, I  I Predicted on time order 

O O O O O O O 

O X O O X X O 

O O O O O O O 

 

Figure 13. Example 1 of Precision 

 

On the other hand, if model predicted five delayed orders and three were correct, then the 

precision would be 60%. This is visualized in Figure 14. Based on this for this thesis 

Precision will be good metric to add to evaluation to see if correct orders are predicted to be 

delayed.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
3

5
= 0,6 = 60% 

 

I  I Predicted delayed order, I  I Predicted on time order 

O O O O O O O 

O X O O X X O 

O O O O O O O 

 

Figure 14. Example 2 of Precision 
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Recall 

 

Next metric, Recall or Sensitivity, measures the number of correct positive results to the 

number of all samples that should have been positive. (Gupta & Sehgal, 2021, p. 69). Recall 

is good addition when cost of false negatives is high. (Evidently AI Team)  

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃=𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑃+𝐹𝑁=𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
                   (5) 

 

 

To continue previous example, where there was case of 21 orders, 3 of them delayed, 18 on 

time. If the model predicted that five of the orders are delayed the recall will be 100% since 

it predicted all of the true positive cases. This is visualized in Figure 15. In this thesis balance 

of these presented metrics is important. Goal is to predict all orders that are going to be 

delayed. The cost of false negatives is higher since it is preferable that model flags some 

orders falsely to be delayed that missing orders that are actually going to be delayed. 

Therefore, recall is going to be important metric for the thesis. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
3

3
= 1 = 100% 

X Delayed order, O On time order 

O O O O O O O 

O X O O X X O 

O O O O O O O 

 

I  I Predicted delayed order, I  I Predicted on time order 

O O O O O O O 

O X O O X X O 

O O O O O O O 

 

Figure 15. Example of Recall 



37 

 

 

F1 Score and ROC-AUC 

 

F1 Score is mean of precision and recall. Its goal is to find balance between the metrics. 

Balance is between how many instances are classified correctly while not missing significant 

number of instances. (Gupta & Sehgal, 2021, p. 69; Joshi, 2023, pp. 217–218) Aim is to get 

high F1 Score. In the Table 5 all the metrics have been gathered. 

 

𝐹1 =
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
     (6) 

 

ROC-AUC is metric to describe models’ capability to distinguish different classes. ROC 

(Receiver Operating Curve) curve represents how true positive rate changes relative to the 

false positive rate by varying the threshold. In other words, it tells the trade-off between 

sensitivity and specificity. AUC (Area Under ROC Curve) quantifies the model’s ability to 

distinguish between classes. (Gupta & Sehgal, 2021, p. 70; Zhou, 2021, pp. 37–38). 

 

Table 5. Metrics summarized (Gupta & Sehgal, 2021, p. 69)  

Metric Formula Interpretation 

Accuracy 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 

Overall performance of the 

model 

Precision 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Accuracy of positive 

predictions 

Recall 

(Sensitivity) 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Coverage of actual positive 

sample 

Specificity 𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 

Coverage of actual negative 

sample 

F1 Score 2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

For unbalanced classes 

F-Score 
(1 + 𝛽2)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(𝛽2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛) + 𝑅𝑒𝑐𝑎𝑙𝑙
 

For cases with extreme 

values 
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Based on all these metrics Confusion matrix can be put together. In this thesis these reports 

will be run with python code. In Figure 16 confusion matrix from the study is presented as 

an example. 

 

 

Figure 16. Example of Classification report 
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5  Current Order-to-Delivery Process and Problem Identification 

In this chapter, the research begins with application of the Design Science Research (DSR) 

methodology. The chapter introduces the company’s order-to-delivery process to establish 

the context and identify the data requirements for developing the machine learning model. 

It also explains the DSR approach and addresses its first two stages: 1) Problem 

Identification and Motivation, where current challenges and inefficiencies are analysed, and 

2) Definition of the Objectives for the Solution, which outlines the goals guiding the design 

of the proposed artifact. 

 

5.1  Design Science Research Methodology 

In this thesis Design Science Research Methodology (DSRM) is used to guide the research. 

Methodology was chosen because the thesis aims to create and evaluate a machine learning 

model that addresses a practical business problem. DSRM ensures that the approach is both 

scientifically rigorous and practically relevant (Peffers et al., 2008, pp. 47–48). 

Design science had different adaptations but one of the most widespread publications from 

Peffers et al. 2008 includes six activities: 1) Problem Identification and Motivations, 2) 

Define the Objectives for Solution, 3) Design and Development, 4) Demonstration, 5) 

Evaluation and 6) Communication (De Sordi, 2021, p. 59; Peffers et al., 2008, pp. 52–53). 

“Problem Identification and Motivation” activity refers to defining the research problem and 

explaining the value of a solution. It is also important to understand the complexity of the 

problems and resources needed to solve it. (De Sordi, 2021, pp. 59–60; Peffers et al., 2008, 

p. 52).  

“Define the Objectives for Solution” activity continues from problem definition to indicate 

objectives that are feasible. Objectives can be quantitative measurable improvements or 

qualitive expected benefits. (De Sordi, 2021, p. 63; Peffers et al., 2008, p. 55)  In third 

activity, Design and Development, the artifact is created. Artifact can be, for example, a 
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model, method or construct. In this step functionality and architecture is determined and the 

artifact is built based on relevant theory.  (De Sordi, 2021, p. 67; Peffers et al., 2008, p. 55)  

Fourth activity concentrates on demonstrating that the artifact solves stated problems. This 

can be done in multiple ways like doing an experimentation, a simulation or case study. It is 

important to showcase how artifact is used to solve the problem. (Peffers et al., 2008, p. 55)   

(De Sordi, 2021, p. 70) Activity five is evaluation of how well the artifact meets the 

objectives. In this step set objectives are compared to actual results from use of the artifact. 

Evaluation might be done in many ways depending on the type of the artifact. Evaluation 

can include anything from performance metrics to customer surveys. Evaluation might also 

result in iterations.  (Peffers et al., 2008, p. 56)  Final activity in the methodology is 

Communication. This includes presenting the problem, the artifact and its design to relevant 

audiences. (Peffers et al., 2008, p. 56) The DSRM process is presented in Figure 17. 

 

 

Figure 17. DSRM Process. Modified from (De Sordi, 2021, p. 59; Peffers et al., 2008, pp. 52–53) 

 

5.2  Problem Identification and Motivation 

Based on the Design Science process, the first step is identifying the problems and 

motivation for the solution. The insights presented in this section were gathered through a 

structured research process. Three internal workshops were organized: 1) a Problem 

Identification Workshop, where current challenges were analysed and the decision to explore 

machine learning was made, 2) a Process Workshop, which mapped the order-to-delivery 

workflow and identified bottlenecks, and 3) a Data Workshop, which reviewed available 

data sources and their suitability for predictive modelling. The workshops included the Head 

of Factory and the Production Development Lead, as well as the Production Coordinator for 
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the cylinder product department. Sessions were video recorded for traceability. In addition, 

an on-site visit was conducted to observe the manufacturing process, including workstations, 

machines, manual steps, and warehouse locations related to the cylinder product production 

process. In the Figure 18 data gathering and model development process is showcased. 

 

 

Figure 18. Data gathering and Model Development process. 

 

To set the case for the problem, the following description of the company’s basic order-to-

delivery process is based on insights gathered during the workshops and on-site 

observations. The order process starts when customers place orders through multiple 

different sales channels and orders are created in ERP. The order is logged in the system and 

moves to production planning. Customer requests date and system propose delivery date 

based on capacity planning, material availability and scheduling rules build in ERP. Based 

on this ship date is confirmed. ERP automatically releases work orders to production about 

two weeks before confirmed ship date. Confirmed ship date is often modified manually when 

there are special factors related to the order. Some orders are released earlier to production 

if need is noticed, but at the same time sometimes need is not noted and ERP estimates are 

misleading.  

When order is released to production, orders are first taken in to preprocessing. 

Preprocessors perform following task: 1) print labels, create work cards and sub-work cards, 

2) deliver these printed materials to the correct workstations and 3) deliver copies of main 

work-cards to work coordinators. These tasks make sure that employees know what parts 

are needed for the order to be assembled and coordinator is aware of all orders. In this step 

coordinators plan and prioritize orders assembly. Work cards include information about 

transfer orders and different work orders related to the order. For example, employees can 

check missing components from the work card. 
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After all steps in the work card are ready and all required components are available assembly 

starts. Work coordinators plan the resources assembling specific orders. Once assembly 

starts, in ERP status is set as started and updated to confirmed finished once assembly is 

ready. In assembly step also testing is done to the product. After assembly is done then order 

moves to shipping stage. 

 

Problems and Motivation  

 

Problems in the order-to-delivery process are mainly related to planning the workflow and 

predicting which orders are likely to be delayed. Accurate delay prediction is critical for 

coordinators to 1) notice when started preprocessing and assembly earlier is necessary to 

ensure on-time delivery, or 2) enable informing customers promptly about delays. The 

motivation for this study is to validate better ways to plan and predict order assembly. 

Interviews with the production department confirmed that improved visibility into potential 

delays would be highly beneficial, as current tools provide limited support for proactive 

planning which results in large amounts of manual work. 

Currently, the ERP system includes a feature designed to predict which orders are likely to 

be delayed, but this functionality has significant limitations which is one of the reasons for 

the need of better tool. Firstly, the ERP system assumes that all assemblers are always fully 

available and working at maximum capacity. In reality, personnel availability varies for 

example due shifts, absences, and skill differences.  

Secondly, it does not account for the dynamic flow of materials and components produced 

in batches, meaning its predictions fail to reflect real production capacity and material 

availability. Furthermore, the feature does not recognize when components are delayed or 

consumed by other departments, nor does it consistently consider transfer orders or the actual 

arrival times of components. Additionally, the feature allocates materials to the orders 

without considering priority. These factors result in inaccurate delivery predictions with the 

ERP feature which highlights the need for improved methods for predictions. 
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Additionally, in the future to be able to get most accurate predictions other data sources 

would need to be added to include all relevant factors for order process. This is not possible 

for the ERP feature.  

Given these challenges and the limitations of ERP-based predictions, machine learning was 

selected as a promising approach because it can learn complex patterns from historical data 

and provide dynamic, data-driven predictions that adapt to real production conditions. To 

support this, other challenges in the order-to-delivery process were identified to establish a 

baseline of factors expected to cause delays and planning difficulties. These factors, 

presented in Table 6, informed the selection of features for the ML model’s training dataset, 

ensuring alignment between business insights and predictive analytics. 

 

Table 6. Challenges in the order-to-delivery process 

Factors Description/Examples Impact on Process 

Product Type Complexity of product, BOM Complexity of product being 

assembled might cause delays. 

Special Orders Custom colours and configurations 

require manual handling 

Disrupts standard scheduling 

and increases lead time 

Material 

Shortage 

Missing components prevent 

assembly from starting 

Causes bottlenecks and delays 

in production 

Resource 

Shortage 

Missing personnel or skills to 

assemble orders 

Causes bottlenecks and delays 

in production 

Poor visibility Other departments consume materials 

without clear visibility 

Unexpected shortages and 

inaccurate planning 

Transfer order 

delays 

Components need to be moved 

between warehouses 

Blocks production start and 

affects delivery dates 

Manual 

processes 

Unnecessary manual steps increase 

variety in processes and  

Slows down production and 

reduces predictability 

Order hold 

situations 

Orders remain in on hold because 

special circumstances 

Delays even after confirmation 

dates are set 

Capacity 

Constraints 

Limited assembly resources, Limited 

availability to borrow resources from 

other departments because skills 

Resource overload 

Process 

variations 

Differences between teams, products, 

and business units 

Requires tailored planning 

strategies 

Logging 

Practices 

How orders and steps are recorded in 

the system 

Affects visibility and 

traceability of the process 

Data Quality Understanding available data and 

gaps 

Impacts accuracy of 

predictions and planning 

Process 

bottlenecks 

Steps where delays occur, e.g., shared 

machines or complex products 

Need better batch planning 

and early identification 
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5.3  Defining the Objectives for Solution 

The second step in the Design Science process is defining the objectives for the solution 

based on the problems identified in the previous stage. These objectives were derived from 

insights gathered during workshops and on-site observations. The primary objective of this 

study is to develop and evaluate a machine learning model that predicts orders likely to be 

delayed approximately 14 days before delivery. The purpose is to demonstrate the feasibility 

and practical performance of predictive analytics in improving delivery reliability and to 

assess whether an ML model can provide actionable insights for proactive planning. The 

solution focuses on cylinder products, as agreed during the workshops, and is evaluated 

using performance metrics presented earlier in Chapter 3, including accuracy, precision, 

recall, F1 score, and ROC AUC. While the model is not yet integrated into production 

systems, it provides a validated framework, cost estimates, and resource requirements for 

future deployment at scale.  
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6  Machine Learning Model Design and Evaluation 

This chapter focuses on building the machine learning model and follows Design Science 

Research steps three to five: (3) Design and Development, (4) Demonstration, and (5) 

Evaluation. The final step, Communication, is addressed in the conclusions chapter. 

6.1  Design and Development 

As mentioned in chapter 4 creating machine learning model consist of tool selection, data 

preparation, model building, evaluation and creating business understanding. The process is 

iterative and alternates between preparing data, training the best possible model, and 

analysing the outcomes to ensure business relevance.  

 

Tool Selection 

 

Process of building ML model started with mapping out viable tools for building the model. 

After evaluating the options available within the company, Microsoft Fabric ML and Azure 

ML were considered the most appropriate options (Microsoft, 2025a). For this thesis, Fabric 

was selected to assess its usability in practice. Fabric provides an AutoML feature, which 

was tested as part of this work. In the Figure 19 process of Auto ML is presented. Basic flow 

of Auto ML is to get user inputs, including data, target metrics and constrain settings and 

then Auto ML tests different learner algorithms in iterations to get the best model.  

Based on the meetings it was confirmed that for this thesis the main source of data would be 

the ERP system and related on-premises database. The range of testing data consisted of 

three years of history data that was split in to testing and validations sets. This is appropriate 

for thesis model. In the future development when other product types are included training 

data should include newer data and set can consist of larger amount of data. For this thesis 

training data amount was limited to 40 000 to 50 000 rows. Limited data amount helped to 

map out costs and capacity needed to run ML models.  
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Next, the required Fabric components for data ingestion, storage, model building, and 

visualization were identified. Since the model was built using Fabric, the data needed to be 

stored in Lakehouse as a Parquet table for effective use in notebooks. Data ingestion from 

the on-prem database was handled using Dataflow Gen2. 

 

 

Figure 19 How Auto ML works. Copied from (Microsoft, 2025b). 

 

After setting up Dataflow and Lakehouse, model building could be started. Fabric ML Model 

artifact automatically creates a Notebook, Experiment, and ML Model. The Notebook is 

used for training and registering the model, the Experiment stores training runs with different 

model versions, and ML Model manages versions for predictions. For end users, predictions 

and visualizations will be presented in a Power BI report. Tool selection is presented in 

Figure 20. 

 

Figure 20. Tool selection 
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Building the ML Model  

 

Fabric Auto ML Model artifact creates base notebook with script for training the ML model. 

Script can be used as it is or modified to use. ML Model gives options to create model based 

on user needs. Creator can choose data source, model type, and specify data types in the user 

interface before creating the model. Process of creating ML Model artifact is shown briefly 

in Figure 21 and more in depth in Appendix 1. Basic steps in the  automatically created 

notebook are shown in the Table 7 and they consist of 1) loading the data to notebook 

environment, 2) generating features, 3) testing best ML model, 4) saving the ML model and 

5) generating the predictions. Steps differed slightly depending on chosen model type and 

settings. Since in this thesis the case is to predict and flag (no/yes) sales orders that are likely 

to be delayed, the most suitable model type to select is binary classification. For the case in 

this study modifications needed to be done to the training notebook.  

 

 

Figure 21. Creating Auto ML Model artifact 

 

The following Table 8 presents some of the iterations of the ML model building and most 

important modifications per iteration to the training notebook and data. Table showcases the 

learning journey of building the model. For the thesis, SQL query needed to be built to query 

data including wanted factors from ERP. There were two types of queries. Teaching set 

based on historical data and actual data including future orders. SQL query development was 

done in iterations to achieve best version of the data for the model and after use. 

First version of the training dataset was SQL query pulling the of sales orders, work orders, 

products and order quantities from ERP. There were challenges getting the data loaded to 
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the notebook environment, getting model to understand the factors and balancing the dataset 

for the experiments. Main problem lied with data types.  

 

Table 7. Base example from Microsoft includes steps of ML training code (Microsoft, 2025b) 

Step 0 Default notebook optimization 

Step 1 Load the Data Importing the raw data from the specified source into the 

notebook environment. Once loaded, this data will serve as 

the input for subsequent steps 

Step 2 Generate 

features 

Featurization is the process of transforming raw data into a 

format optimized for training a machine learning model.  

Step 3 Use AutoML 

to find your 

best model 

 

Using FLAML's AutoML to automatically find the best 

machine learning model for our data. AutoML automatically 

tests and tunes various algorithms and configurations to 

identify the most effective model 

Step 4 Save the final 

ML model 

Upon completing the AutoML trial, you can now save the 

final, tuned model as an ML model in Fabric. 

Step 5 Generate predictions 

 

In the next iteration, csv-file of fake data including only number values and sales ids was 

tested to confirm datatypes that were the easiest to use. Based on this Fabric ML Model 

preferred data to be encoded for binary classification models. In this iteration, training ML 

model experiments started to give results and for next iteration baseline models (IRL1, IRL2) 

were added to be part of algorithms tested in training. This addition was added to help 

compare results from the models. In the first training iterations, no settings were added to 

limit model algorithms to be tested in training.  

The third and fourth iterations of the model were trained using ERP data, but this time 

encoding was applied to all features in the dataset. Initially, encoding was implemented only 

in the query, however, it was later moved to the dataflow to ensure that encoded values 

consistently matched the correct values when applying the model to future data. In this 

iteration, new delay factors were introduced, and all key columns were excluded from 

training. Additionally, data balancing was tested by incorporating SMOTE into the code as 

show in Figure 22. SMOTE improved the usability of the training dataset for ML algorithms 

by balancing delayed occurrences against on-time cases. These model versions marked the 

point where experiments during training began to give meaningful results for ROC-AUC 

and data loss comparisons. 
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Table 8. Model Iterations 1-5 

Version Data & Modifications Results 

0 Small query from ERP to set up the 

lake house and test the Auto ML 

notebook. 

Notebook code didn’t work straight 

away. Problems with data types and 

creating features for the model. 

1 CSV fake data, Encoding the data, 

Settings for the ML model to Binary 

classification 

First experiment run to teach the 

model with different algorithms 

2 Baseline models added (IRL1, IRL2) Opportunity to compare models to 

baseline 

3 Encoded ERP data, defining more 

clearly delay factors for the model in 

the notebook. 

Making sure IDs are not used as a 

training factor 

5 Data balancing added to data, SMOTE 

& Confusion Matrix 

 

 

After modifying baseline of the code for ML training Notebook, the next phase focused on 

preparing a robust dataset and refining settings for the training process. Priority with data 

was defining small set of important factors causing delays as features for the for the dataset. 

These iterations addressed critical issues such as data leakage, overfitting, algorithm 

selection, and feature scaling. 

 

 

Figure 22. Class balancing for delayed orders 
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Since in this thesis data lives in two states of time, history and future, to avoid leakage ML 

Model needs to be taught based on data that is available in the prediction moment. Data that 

is added later cannot be part of the teaching dataset. Sometimes this is hard to differentiate. 

In this thesis goal is to build a proof of a basic ML model, and therefore, factors with need 

of additional work (for example, adding new data logging elements) have been defined out 

of scope and added as future development opportunities. This also includes factors with lots 

of missing data or bad data quality that could not be solved with basic feature generation in 

the notebook. The goal was to ensure that the dataset contained reliable predictors that could 

be confidently evaluated. In the Table 9, contents of the training dataset have been gathered 

and in Appendix 3 code for the anonymized query it presented. 

 

Table 9. Training factors in the final training dataset model 

Factor Description 

Delayed Flag 1 if FINISHEDDATE > AA_ReqDate and FINISHEDDATE > 

DlvDate, else 0 

Sales Order  Linking data 

Work Order  Linking data 

Country Encoded: Country 

Product Encoded: Product ID 

Item Type Encoded: Detailed Item Type ID  

Complete Order Flag Binary categorical: (Yes/No or 0/1) 

Special Order Flag Binary categorical: (Yes/No or 0/1) 

Work Order Count 

for Sales Order 

Numerical: Count of distinct work orders per Sales Order. 

Order Qty  Numerical: order qty 

BOM Item Count Numerical: number of BOM components product consist of 

Demand/Workload Numerical: Short‑term congestion for the same item, trailing 14 

days. 

order_count_same_product_2w, order_qty_same_product_2w 

Leadtime Numerical: Promised leadtime 

Order Day of Week Numerical: Weekday order is placed 

Order Month Numerical: Month order is placed 

 

Sales Order and Work Order are keys for the dataset. Work Order refers to production task 

that has the related work cards and reference to Sales Order. Work Order has unique values, 

but Sales Order might consist of multiple Work Orders. Actual factors chosen were based 
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on the interviews and related mostly to products and demand. Product Id, Item type, BOM 

Item Count and special-order flag all refers to attributes of Product. To showcase complexity 

and size of the sales order, Work Order Count and Complete Order Flag were added. For 

example, multi-part orders may be harder to schedule which could correlate with delays. 

Also, Complete Order Flag defines that order must be send only after it is fully done. This 

might cause challenges with large multi-part orders. 

Demand and Workload calculations were added in a product level, to model possible 

shortages with materials or skilled personnels to assemble orders. If there is high level of 

orders with same products in the same period of time as the orders is planned to be sent, that 

might cause delays. Demand, workload, materials, quality, and resources should be tested 

and added in more detail in future development of production version of the model. 

In addition, Leadtime, Order Day of the month and Order Month represent time-based 

factors in the dataset. Time-based factors could showcase problems during different seasons, 

like in the summer, holidays could affect availability of resources and skills. Order country 

was the only customer-based factor added in this dataset. In the future this is good area of 

opportunity to add factors. Based on the factors added to the training dataset also settings in 

the training notebook were modified. Limitations to time budget, referring to time used to 

test different models in Experiment, were added with specifications to algorithms used in 

training. 

6.2  Demonstration and Evaluation 

After building a working machine learning model, the next step was to demonstrate and 

evaluate how well it addressed the problem definition. This was done in the iterations 9-15 

by focusing on assessing model performance using standard classification metrics ROC-

AUC, validation loss, accuracy, recall, precision, and F1-score that were introduced in 

Chapter 4. Code for the training notebook is presented in appendix 2. Also, model use was 

tested with future data input to the model to create predictions. For this new notebook was 

created to call on the model (Appendix 6 & 7). Predictions data was created to the 

Lakehouse. From Lakehouse data could be connected to Power BI for visualisation use. 
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For model performance analysis, Fabric offers UI that one can use to show case basic line 

charts and tables of the experiment results, but for this thesis, data was exported from the 

lake house through notebook to Power BI for further data analysis. Based on the evaluation 

training parameters were modified, factors were added to the dataset.  

Performance improved consistently across iterations. Early models, such as Model 5 best 

learner using Random Forest, achieved a ROC-AUC of 0.877 and an F1-score of 0.629, 

which provided a reasonable baseline but left room for improvement. Later iterations using 

gradient boosting algorithms outperformed these early versions. The final model, Iteration 

15 using LightGBM, achieved the highest ROC-AUC of 0.943, an F1-score of 0.687, and 

the best precision at 0.747, with recall at 0.637 and accuracy at 0.915. Validation Loss 

decreased from 0.0868 in early iterations to 0.0088 in the model 15, indicating improved 

generalization and stability. Additional visuals on data loss and learning rate are presented 

in appendix 4 and 5. These results indicate that the iterative approach was effective in 

refining both the dataset and the model configuration. The trend across iterations shows clear 

progress as shown in Figure 23.  

 

 

Figure 23. ROC-AUC trend for training and validation data across model iterations. 
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ROC-AUC improved from 0.877 in Model 5 to 0.943 in Model 15, while the gap between 

training and test AUC narrowed from approximately 0.066 in earlier models to 0.048 in the 

final iteration. This reduction in gap, combined with the steady decrease in validation loss, 

suggests that later models were less prone to overfitting and better suited for real-world 

application. Model 15 offers the most balanced performance profile throughout the whole 

metrics. 

To provide additional analysis, Figure 24 compares two baseline learners (IRL1 and IRL2) 

with the best-performing learner for each iteration evaluated on validation data. The baseline 

models remain relatively stable, with IRL2 around 0.82 and IRL1 varying between 0.52 and 

0.79, indicating limited improvement and weaker discrimination compared to advanced 

models. In contrast, the best learners show a clear upward trend, starting at 0.893 and 

reaching 0.943 in the final iteration. This progression indicates the effectiveness of iterative 

refinement in feature engineering, data balancing, and algorithm tuning. The green band in 

the figure marks the threshold for “very good” discrimination (ROC-AUC ≥ 0.90), which 

the best learners consistently surpass from iteration 10 onward. This visual evidence 

reinforces the earlier conclusion that later models generalize better and outperform simple 

baselines. 

 

Figure 24. Comparison of baseline learners (IRL1, IRL2) vs. best learners on validation data. 
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Further details of ROC-AUC changes between training and validation data are summarized 

in Figure 25, which shows the percentage change across iterations. The cap between ROC-

AUC with training and validation data stayed at over 5% throughout all the iterations. This 

implies that there is still possible overfitting in the model training. In the future 

development, models complexity, regularization and amount of training data used should 

be studied more. Regularization with LightGBM can be achieved for example with 

modifying the ML models training settings to prevent model becoming too complex (e.g. 

too many parameters, deep trees).  

Finally, Figure 26 presents the confusion matrix metrics for validation data, including 

accuracy, recall, precision, ROC-AUC, and F1-score. These metrics highlight the 

operational trade-offs which are essential in determining the usefulness of the model. The 

figure showcases that while precision improves significantly in later models, recall remains 

below 0.70, meaning that approximately one-third of delayed orders would not be flagged 

at the default threshold. Since the business cost of missing delays is higher than predicting 

on-time orders as delayed, threshold tuning could be used to prioritize recall even at the 

expense of precision.  

 

 

Figure 25. ROC-AUC change between training and validation data per iteration. 

 

Also, it seems like class imbalance persists despite the use of SMOTE, as indicated by 

precision being consistently higher than recall. This suggests that the training dataset may 
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not contain enough delayed cases for SMOTE to generate a fully balanced sample, which 

limits its effectiveness. 

 

 

Figure 26. Confusion matrix metrics for best learners across iterations. 

 

Threshold Tuning and Future Study 

 

Based on the metrics, model 15 provides a baseline for predicting delayed orders. Most 

important future development topic is improving the dataset, overfitting, class balance and 

balance between recall and precision. After testing these topics shortly in next iterations by 

ranking the most important delay factors, improving dataset balance, and analysing metric 

changes through threshold tuning, model did not improve at this stage.  All metrics stayed 

at the level of model l5. This indicates that bigger improvement to the model need changes 

to the training dataset. In the current dataset, top factors by importance for the predictions 

were Product, Order month, Demand and Leadtime. Their order changed slightly between 

final iterations. Full list is shown in  Figure 27. 
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Figure 27. Feature importance 

 

With changes to threshold predictions of TP, TN, FN and TN changed from previous values. 

In the Figure 28 Recall, Precision, F1 Score and Accuracy are shown by threshold in a visual 

format and in Table 10 same metric are shown as a table. In Figure 28 one can see how 

Precision and Recall gross at the peak of F1-Score. The threshold analysis illustrates the 

trade-off between recall and precision. As seen in Table 10, at low thresholds (e.g., 0.05–

0.15), recall exceeds 0.90, meaning nearly all delayed orders are flagged, but precision falls 

below 0.50, resulting in many false positives. At high thresholds (e.g., 0.70–0.90), precision 

surpasses 0.80, but recall drops below 0.50, meaning many delayed orders are missed. 

 

 

Figure 28. Recall, Precision, F1-score and Accuracy by threshold 
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A “good” result depends on business priorities. In this case, the cost of missing a delayed 

order is higher than incorrectly flagging an on-time order. Therefore, recall should be 

prioritized over precision. Based on the visuals, the optimal balance occurs around a 

threshold of 0.40, where recall is 0.72 and precision is 0.66, producing the highest F1-score 

(0.69). This threshold offers a practical compromise between identifying most delays and 

maintaining reasonable prediction accuracy. 

 

Table 10. Testing Thresholds 

Thres 

hold 

Re-

call 

Pre-

cision 

F1-

score 

Accu-

racy 

ROC-

AUC 

TP FP FN TN 

0,05 0,95 0,33 0,49 0,71 0,93 1270 2622 61 5265 

0,10 0,93 0,41 0,56 0,79 0,93 1232 1802 99 6085 

0,15 0,90 0,46 0,61 0,83 0,93 1195 1423 136 6464 

0,20 0,87 0,50 0,64 0,86 0,93 1160 1158 171 6729 

0,25 0,84 0,54 0,66 0,87 0,93 1121 970 210 6917 

0,30 0,80 0,58 0,67 0,89 0,93 1070 776 261 7111 

0,35 0,76 0,62 0,68 0,90 0,93 1013 630 318 7257 

0,40 0,72 0,66 0,69 0,91 0,93 953 494 378 7393 

0,45 0,66 0,69 0,68 0,91 0,93 882 388 449 7499 

0,50 0,62 0,74 0,67 0,91 0,93 819 288 512 7599 

0,55 0,56 0,76 0,65 0,91 0,93 748 232 583 7655 

0,60 0,52 0,80 0,63 0,91 0,93 687 177 644 7710 

0,65 0,47 0,82 0,60 0,91 0,93 626 134 705 7753 

0,70 0,41 0,84 0,56 0,90 0,93 552 104 779 7783 

0,75 0,36 0,87 0,51 0,90 0,93 477 74 854 7813 

0,80 0,29 0,91 0,44 0,89 0,93 387 40 944 7847 

0,85 0,22 0,92 0,35 0,88 0,93 288 25 1043 7862 

0,90 0,17 0,95 0,29 0,88 0,93 230 13 1101 7874 

0,95 0,10 0,94 0,18 0,87 0,93 136 8 1195 7879 

 

Overall, the model demonstrates strong discriminatory power (ROC-AUC = 0.943) and 

provides flexibility through threshold tuning to align predictions with business needs. For 

operational use, thresholds favouring recall would be recommended to minimize the risk of 

missed delays.  
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7  Conclusions 

This thesis set out to explore whether machine learning can be applied to predict delivery 

delays in a discrete manufacturing environment and thereby improve delivery reliability. 

Using the Design Science Research Methodology, a machine learning model was developed 

and evaluated on three years of historical order and production data for cylinder products. 

Main research question: 

Can machine learning be used to predict orders likely to be delayed in a Finnish 

production company? 

 

Machine learning can be applied to structured ERP data using supervised learning to estimate 

the delay risk of orders before delivery. In this study, gradient boosting (LightGBM) trained 

on features identified from business workshops and literature, such as lead time, product 

characteristics, and short‑term workload, produced dynamic, data‑driven predictions that 

align with cost‑sensitive decision‑making discussed in Chapter 4. Threshold tuning enables 

prioritizing recall when the business impact of missed delays outweighs false positives. The 

resulting predictions form a foundation for integrating proactive planning into existing 

processes (e.g., earlier resource allocation, schedule adjustments, and customer 

communication), complementing ERP estimates that interviews indicated are insufficient for 

proactive use. 

 

Sub‑question 1: What are the main factors contributing to delivery delays? 

 

Feature importance analysis in Chapter 6 showed that lead time, product characteristics (e.g., 

BOM size), short‑term workload/demand, and order month were consistently among the 

most influential predictors. These findings are consistent with Chapter 2, where the theory 

emphasizes variability in resources and material flow as key drivers of delivery reliability 
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challenges. The alignment between feature importance and theoretical drivers supports the 

face validity of the model’s inputs. 

 

Sub‑question 2: Which machine learning methods are most suitable for predicting delivery 

delays in this context? 

 

The literature review (Chapter 4) identified supervised learning as the most appropriate 

approach for structured manufacturing data. Empirically, gradient boosting (LightGBM) 

outperformed linear baselines (IRL1/IRL2) and early tree‑based models on validation AUC, 

confirming that ensemble methods handle non‑linear relationships and mixed feature types 

effectively in this context. 

 

Sub‑question 3: How well does the developed model perform in predicting delayed orders? 

 

The final model (Iteration 15, LightGBM) achieved ROC‑AUC 0.943, precision 0.747, 

recall 0.637, and F1‑score 0.687 at the default threshold, indicating strong discriminatory 

power and practical utility for identifying high‑risk orders. Threshold tuning demonstrated 

that recall can be increased above 0.90 by lowering the decision threshold, at the cost of 

precision, which is consistent with cost‑sensitive trade‑offs described in Chapter 4. Despite 

improvements across iterations, recall remained below 0.70 at the default threshold, 

reflecting persistent class imbalance in the dataset. 

 

Sub‑question 4: What limitations and improvement opportunities exist for scaling the 

model beyond the current scope? 

 

Several limitations must be acknowledged. First, the scope was restricted to cylinder 

products, which limits generalizability across other product categories. Second, the dataset 

exhibited class imbalance despite the use of SMOTE, which constrained recall performance. 
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Third, the model showed signs of overfitting, as indicated by the high training ROC-AUC 

(0.99) compared to validation performance (0.943). Finally, some potentially relevant 

factors were deliberately excluded to avoid leakage keep the model simple for initial testing, 

ensuring that performance metrics such as ROC-AUC could be reliably analysed and 

confirm the model’s potential for further development.  

Future research should focus on expanding the dataset to include additional product groups 

and improving data quality for underrepresented features. Regularization techniques in 

LightGBM (e.g., L1/L2 penalties, depth constraints) should be applied to reduce overfitting 

and enhance generalization. Further exploration of threshold optimization and cost-sensitive 

learning could help align model performance with business priorities. Finally, integrating 

the model into operational workflows and validating its impact on delivery reliability in real-

time settings would provide valuable insights for full-scale implementation. 

The study confirms that predictive analytics can complement ERP by providing dynamic 

risk signals earlier in the order‑to‑delivery process. With appropriate threshold selection and 

process integration, planners can target high‑risk orders for intervention, improving visibility 

and enabling proactive resource coordination and customer communication. The findings 

demonstrate that machine learning is a feasible approach for predicting delivery delays in 

discrete manufacturing. The final model provides a robust baseline with strong 

discrimination, but significant improvements for production use require changes to the 

training dataset and model regularization, and a deliberate choice of threshold based on 

business costs. These steps, together with broader data coverage and operational validation, 

form the path towards scaling the solution.  
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8  Summary 

Manufacturing companies operate in increasingly volatile supply chain environments where 

delivery reliability is critical for customer satisfaction and operational efficiency. Delays in 

order fulfilment can lead to significant financial and reputational consequences, making 

proactive planning essential. This thesis addresses this challenge by exploring the use of 

machine learning (ML) to predict delivery delays in a Finnish manufacturing company, 

focusing on the order-to-delivery process for cylinder products. 

The objective of the study was to develop and evaluate a ML model capable of identifying 

orders at risk of delay before their scheduled delivery date. The research applied the Design 

Science Research Methodology (DSRM) to ensure both scientific rigor and practical 

relevance. Historical order and production data spanning three years was extracted from the 

company’s ERP system and prepared for analysis. Key steps included data preprocessing, 

feature engineering, and iterative model development using Microsoft Fabric’s AutoML 

functionality. The dataset incorporated factors such as lead time, product characteristics, and 

short-term workload, which were identified as potential drivers of delivery delays. 

The ML model was trained and evaluated using standard classification metrics: ROC-AUC, 

precision, recall, F1-score, and accuracy. Among the tested algorithms, LightGBM achieved 

the best performance with a ROC-AUC of 0.943, precision of 0.747, recall of 0.637, and F1-

score of 0.687. These results demonstrate that ML can effectively identify high-risk orders, 

enabling earlier interventions such as resource reallocation or customer communication. 

Feature importance analysis confirmed that lead time, product complexity, and workload 

were the most influential predictors of delays. 

The practical contribution of this work lies in demonstrating how predictive analytics can 

support proactive planning and enhance delivery reliability. The model provides a 

foundation for integrating ML into operational workflows, complementing existing ERP 

systems with dynamic, data-driven predictions. Theoretical contributions include validating 

the applicability of supervised learning methods in discrete manufacturing contexts and 

highlighting key factors influencing delivery performance. 
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However, limitations were observed. The scope was restricted to cylinder products, and the 

dataset exhibited class imbalance despite the use of SMOTE, which affected recall 

performance. Signs of overfitting were also noted, indicating the need for regularization and 

larger datasets. Future research should focus on expanding the dataset to include other 

product categories and delay factors, improving data quality, and exploring threshold tuning 

and cost-sensitive learning to align predictions with business priorities. Integrating the model 

into real-time production planning systems and assessing its impact on delivery reliability at 

scale represent important directions for further development. 
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Appendix 1.  Creating Auto ML Artifact in Fabric 

 

1. Choose Fabric Artifact 

 

2. Start with AutoML 

 

3. Choose data source: Lakehouse 

 

4. Choose data 

 



  

 

 

5. Define ML Model purpose: Binary Classification 

 

6. Set up training data 

 



  

 

 

7. Finish details 

 

 

 

  



  

 

 

Appendix 2. Final Training Notebook 

 

### Default notebook optimization 

 

import logging 

import warnings 

  

logging.getLogger('synapse.ml').setLevel(logging.CRITICAL) 

logging.getLogger('mlflow.utils').setLevel(logging.CRITICAL) 

warnings.simplefilter('ignore', category=FutureWarning) 

warnings.simplefilter('ignore', category=UserWarning) 

 

## Step 1: Load the Data 

 

import re 

import pandas as pd 

import numpy as np 

 

# Step 1: Load data from OneLake table 

df = 

spark.read.format("delta").load("Tables/TestData_26102025_notbalanced").ca

che() 

 

# Step 2: Convert to pandas and clean column names 

X = df.limit(100000).toPandas()  # Use df.toPandas() for full dataset 

X = X.rename(columns=lambda c: re.sub('[^A-Za-z0-9_]+', '_', c))  # 

Replace unsupported characters 

 

# Step 3: Define target column 

target_col = re.sub('[^A-Za-z0-9_]+', '_', "delayedFlag") 

 

# Step 4: Drop non-feature columns 

X_model = 

X.drop(columns=['ProdId','ProdId_encoded','SalesID_or_Reference'])   

 

# Step 5: Separate features and target 

y = X_model[target_col] 

X_model = X_model.drop(columns=[target_col]) 

 

# Now X_model contains only training features, and y is the target 

# You can now pass X_model and y to your AutoML training function 

 

display(X) 

 

 

## Step 2: Generate features 

 

# Handle class imbalance 

import matplotlib.pyplot as plt 



  

 

 

 

distribution = X[target_col].value_counts(normalize=True) 

dominant_class_proportion = distribution.max() 

 

distribution.plot(kind='bar') 

plt.title("Class Distribution") 

plt.xlabel("Class") 

plt.ylabel("Proportion") 

plt.show() 

 

if dominant_class_proportion > 0.8: 

    print(f"The dataset is imbalanced. The dominant class has 

{dominant_class_proportion * 100:.2f}% of the samples.") 

    print("You may need to handle class imbalance before training the 

model.") 

    print("You can use techniques such as oversampling, undersampling, or 

using class weights to handle class imbalance.") 

    print("For more information, see https://aka.ms/smote-example") 

else: 

    print("The dataset is balanced.") 

 

Result: 

 
 

 

# Set Functions if needed for Featurization 

 

def create_fillna_processor( 

    df, mean_features=None, median_features=None, mode_features=None 

): 

    """ 

    Create a ColumnTransformer that fills missing values in a DataFrame 

using different strategies 



  

 

 

    based on the skewness of the numerical features and the specified 

feature lists. 

 

    Parameters: 

    df (pd.DataFrame): The input DataFrame. 

    mean_features (list, optional): List of features to impute using the 

mean strategy. Defaults to None. 

    median_features (list, optional): List of features to impute using the 

median strategy. Defaults to None. 

    mode_features (list, optional): List of features to impute using the 

mode strategy. Defaults to None. 

 

    Returns: 

    ColumnTransformer: A fitted ColumnTransformer that can be used to 

transform the DataFrame. 

    list: List of all features supported by SimpleImputer in the 

DataFrame. 

    list: List of datetime features in the DataFrame. 

    """ 

    if mean_features is None: 

        mean_features = [] 

    if median_features is None: 

        median_features = [] 

    if mode_features is None: 

        mode_features = [] 

    all_features = mean_features + median_features + mode_features 

    # Group features by their imputation needs 

    mean_features = [ 

        col 

        for col in df.select_dtypes(include=["number"]).columns 

        if df[col].skew(skipna=True) <= 1 and col not in all_features 

    ] + mean_features 

    median_features = [ 

        col 

        for col in df.select_dtypes(include=["number"]).columns 

        if df[col].skew(skipna=True) > 1 and col not in all_features 

    ] + median_features 

    all_features = mean_features + median_features 

    datetime_features = 

df.select_dtypes(include=["datetime"]).columns.tolist() 

    mode_features = [col for col in df.columns.tolist() if col not in 

all_features + datetime_features] 

 

    transformers = [] 

 

    if mean_features: 

        transformers.append( 

            ("mean_imputer", SimpleImputer(strategy="mean"), 

mean_features) 

        ) 



  

 

 

    if median_features: 

        transformers.append( 

            ("median_imputer", SimpleImputer(strategy="median"), 

median_features) 

        ) 

    if mode_features: 

        transformers.append( 

            ("mode_imputer", SimpleImputer(strategy="most_frequent"), 

mode_features) 

        ) 

 

    column_transformer = ColumnTransformer(transformers=transformers) 

    all_features = mean_features + median_features + mode_features 

 

    return column_transformer.fit(df), all_features, datetime_features 

 

def fillna(df, processor, all_features, datetime_features): 

    """ 

    Fill missing values in a DataFrame using a specified processor and 

mode imputation. 

    Parameters: 

    df (pd.DataFrame): The input DataFrame with missing values. 

    processor (object): An object with a `transform` method that processes 

the DataFrame. 

    all_features (list): List of all features supported by SimpleImputer 

in the DataFrame. 

    datetime_features (list): List of datetime features in the DataFrame. 

    Returns: 

    pd.DataFrame: A DataFrame with missing values filled. 

    """ 

    filled_array = processor.transform(df) 

    filled_df = pd.DataFrame(filled_array, columns=all_features) 

    if datetime_features: 

        datetime_data = df[datetime_features] 

        datetime_data.ffill() 

        filled_df = pd.concat([datetime_data, filled_df], axis=1) 

    for col in df.columns: 

        filled_df[col].fillna(filled_df[col].mode()[0], inplace=True) 

 

    return filled_df 

 

# Training and Validation data split 

 

from sklearn.pipeline import Pipeline 

from sklearn.impute import SimpleImputer 

from sklearn.compose import ColumnTransformer 

from sklearn.model_selection import train_test_split 

 

# 1) Convert dtypes, drop all-null columns 



  

 

 

X_model = X_model.convert_dtypes() 

X_model = X_model.dropna(axis=1, how='all') 

 

# 2) Keep only usable dtypes 

X_model = X_model.select_dtypes(include=['number', 'datetime', 

'category']) 

 

# 3) Train/test split with stratification 

X_train, X_test, y_train, y_test = train_test_split( 

    X_model, 

    y,  # y is your target series 

    test_size=0.2, 

    random_state=41, 

    stratify=y 

) 

 

# 4) Impute on train and apply to test 

mean_features, median_features, mode_features = [], [], [] 

preprocessor, all_features, datetime_features = create_fillna_processor( 

    X_train, mean_features, median_features, mode_features 

) 

X_train = fillna(X_train, preprocessor, all_features, datetime_features) 

X_test  = fillna(X_test,  preprocessor, all_features, datetime_features) 

 

# 5) Final sanity: ID-like columns must NOT be present anymore 

for bad in ["ProdId", "ProdId_encoded", "SalesID_or_Reference"]: 

    assert bad not in X_train.columns, f"{bad} still present in X_train!" 

    assert bad not in X_test.columns,  f"{bad} still present in X_test!" 

 

display(X_train[:10]) 

 

# Apply SMOTE to training data only 

from imblearn.over_sampling import SMOTE 

import pandas as pd 

import matplotlib.pyplot as plt 

 

smote = SMOTE(random_state=42) 

 

# SMOTE returns NumPy arrays—rebuild the DataFrame with the SAME columns 

as X_train 

X_train_balanced_arr, y_train_balanced = smote.fit_resample(X_train, 

y_train) 

X_train_balanced = pd.DataFrame(X_train_balanced_arr, 

columns=X_train.columns) 

 

# Safety: ensure ID-like columns did not sneak back 

for bad in ["ProdId", "ProdId_encoded", "SalesID_or_Reference"]: 

    assert bad not in X_train_balanced.columns, f"{bad} reintroduced after 

SMOTE!" 



  

 

 

 

# Optional: visualize new class distribution 

pd.Series(y_train_balanced).value_counts(normalize=True).plot(kind='bar') 

plt.title("Balanced Class Distribution (After SMOTE)") 

plt.xlabel("Class") 

plt.ylabel("Proportion") 

plt.show() 

 

Result: 

 
 

## Step 3: Use AutoML to find your best model 

 

### Tracking results with experiments in Fabric 

# MLFlow Logging Related 

 

import mlflow 

 

mlflow.autolog(exclusive=False) 

mlflow.set_experiment("26102025_VI_AutoMLExperiment") 

 

 

#### Configure the AutoML trial and settings 

 

 

from flaml import AutoML 

import mlflow 

import mlflow.sklearn 

import pandas as pd 

import numpy as np 

from sklearn.metrics import ( 



  

 

 

    confusion_matrix, recall_score, precision_score, f1_score, 

roc_auc_score, accuracy_score 

) 

 

# Start MLflow run for AutoML training 

with mlflow.start_run(run_name="26102025_VI_AutoML") as run: 

    run_id = run.info.run_id 

    mlflow.autolog() 

 

    # Sanity check: no ID-like columns 

    bad_cols = {"ProdId", "ProdId_encoded", "SalesID_or_Reference"} 

    present_bad = bad_cols.intersection(set(X_train_balanced.columns)) 

    assert not present_bad, f"ID columns present at training time: 

{present_bad}" 

 

    # Train AutoML 

    automl = AutoML() 

    automl.fit( 

        X_train=X_train_balanced, 

        y_train=y_train_balanced, 

        task="classification", 

        time_budget=300, 

        estimator_list=["lrl1", "lrl2", "lgbm", "rf"] 

    ) 

     

    # ----------------------------- 

    # 3. Print best model details 

    # ----------------------------- 

    print("Best estimator:", automl.best_estimator) 

    print("Best config:", automl.best_config) 

    print("Best loss:", automl.best_loss) 

 

    # Feature importance 

    feature_names = X_train_balanced.columns 

    model = automl.model 

    importance_df = None 

    if hasattr(model, "feature_importances_"): 

        fi = model.feature_importances_ 

        importance_df = pd.DataFrame({"Feature": feature_names, 

"Importance": fi}).sort_values( 

            by="Importance", ascending=False 

        ) 

        print("\n Top Features by Importance:") 

        print(importance_df.head(15)) 

    elif hasattr(model, "coef_"): 

        coef = model.coef_.flatten() if model.coef_.ndim > 1 else 

model.coef_ 

        importance_df = pd.DataFrame({"Feature": feature_names, 

"Importance": np.abs(coef)}).sort_values( 



  

 

 

            by="Importance", ascending=False 

        ) 

        print("\n Top Features by Coefficient Magnitude:") 

        print(importance_df.head(15)) 

    else: 

        print(" Feature importance not available for this estimator.") 

 

    if importance_df is not None: 

        fi_path = "feature_importance.csv" 

        importance_df.to_csv(fi_path, index=False) 

        mlflow.log_artifact(fi_path) 

 

    # Log and register model 

    mlflow.sklearn.log_model(model, "model") 

 

# Register model 

model_path = f"runs:/{run_id}/model" 

registered_model = mlflow.register_model(model_uri=model_path, 

name="26102025_VI_AutoML") 

print(f" Model '{registered_model.name}' version 

{registered_model.version} registered successfully.") 

 

# ----------------------------- 

# Threshold sweep on test set 

# ----------------------------- 

y_proba = automl.predict_proba(X_test)[:, 1] 

base_auc = roc_auc_score(y_test, y_proba) 

 

thresholds = np.linspace(0.05, 0.95, 19) 

rows = [] 

for t in thresholds: 

    y_pred = (y_proba >= t).astype(int) 

    cm = confusion_matrix(y_test, y_pred) 

    tn, fp, fn, tp = cm.ravel() 

    rows.append({ 

        "threshold": t, 

        "Recall": recall_score(y_test, y_pred), 

        "Precision": precision_score(y_test, y_pred, zero_division=0), 

        "F1-score": f1_score(y_test, y_pred, zero_division=0), 

        "Accuracy": accuracy_score(y_test, y_pred), 

        "ROC-AUC": base_auc, 

        "TP": tp, "FP": fp, "FN": fn, "TN": tn 

    }) 

 

sweep_df = pd.DataFrame(rows).sort_values(by="Recall", ascending=False) 

print("\n Threshold sweep (top 10 by Recall):") 

print(sweep_df.head(10)) 

 

best_row = sweep_df.iloc[0] 

selected_threshold = float(best_row["threshold"]) 



  

 

 

print(f"\n Selected threshold = {selected_threshold:.2f} | 

Recall={best_row['Recall']:.3f}, " 

      f"Precision={best_row['Precision']:.3f}, F1={best_row['F1-

score']:.3f}, Accuracy={best_row['Accuracy']:.3f}, " 

      f"ROC-AUC={best_row['ROC-AUC']:.3f}") 

 

# Final metrics at selected threshold 

y_pred_final = (y_proba >= selected_threshold).astype(int) 

cm_final = confusion_matrix(y_test, y_pred_final) 

tn, fp, fn, tp = cm_final.ravel() 

final_metrics = { 

    "Accuracy": accuracy_score(y_test, y_pred_final), 

    "Precision": precision_score(y_test, y_pred_final, zero_division=0), 

    "Recall": recall_score(y_test, y_pred_final), 

    "F1-score": f1_score(y_test, y_pred_final, zero_division=0), 

    "ROC-AUC": base_auc, 

    "TP": tp, "FP": fp, "FN": fn, "TN": tn, 

} 

 

print("\n Final metrics at selected threshold:") 

for k, v in final_metrics.items(): 

    print(f"{k:10s} {v:.6f}") 

 

# Log threshold tuning results to MLflow 

with mlflow.start_run(run_name="threshold_tuning", nested=True): 

    mlflow.log_param("decision_threshold", selected_threshold) 

    for k, v in final_metrics.items(): 

        mlflow.log_metric(k, float(v)) 

    sweep_path = "threshold_sweep.csv" 

    sweep_df.to_csv(sweep_path, index=False) 

    mlflow.log_artifact(sweep_path) 

 

 

print("Best run ID:", automl.best_run_id) 

 

## Step 5: Generate predictions 

 

model_name = "26102025_VI_AutoML" 

from synapse.ml.predict import MLFlowTransformer 

 

feature_cols = X_train.columns.to_list() 

model = MLFlowTransformer( 

    inputCols=feature_cols, 

    outputCol=target_col, 

    modelName=model_name, 

    modelVersion=registered_model.version, 

) 

 

df_test = spark.createDataFrame(X_test) 

batch_predictions = model.transform(df_test) 



  

 

 

 

display(batch_predictions) 

 

saved_name = 

"Tables/TestData_26102025_notbalanced_predictions_7".replace(".", "_") 

batch_predictions.write.mode("overwrite").format("delta").option("overwrit

eSchema", "true").save(saved_name) 

 

 

#### **Confusion Matrix** 

 

from sklearn.metrics import accuracy_score, precision_score, recall_score, 

f1_score, roc_auc_score, confusion_matrix, classification_report 

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

 

# Predictions on test set 

y_pred = automl.predict(X_test) 

y_proba = automl.predict_proba(X_test)[:, 1]  # For ROC-AUC 

 

# Calculate metrics 

metrics = { 

    "Accuracy": accuracy_score(y_test, y_pred), 

    "Precision": precision_score(y_test, y_pred), 

    "Recall": recall_score(y_test, y_pred), 

    "F1-score": f1_score(y_test, y_pred), 

    "ROC-AUC": roc_auc_score(y_test, y_proba) 

} 

 

# Display metrics in a table 

metrics_df = pd.DataFrame(metrics, index=["Score"]).T 

print("Model Performance Metrics:\n") 

print(metrics_df) 

 

# Classification report (optional detailed view) 

print("\nDetailed Classification Report:\n") 

print(classification_report(y_test, y_pred)) 

 

# Confusion Matrix Visualization 

cm = confusion_matrix(y_test, y_pred) 

plt.figure(figsize=(6,4)) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', xticklabels=["Pred 0", 

"Pred 1"], yticklabels=["True 0", "True 1"]) 

plt.title("Confusion Matrix") 

plt.ylabel("Actual") 

plt.xlabel("Predicted") 

plt.show() 



  

 

 

 

Results: 

 

 
 

 

#### **Metrics Data** 

 

import mlflow 

import pandas as pd 

 

# Get the experiment by name 

experiment_name = "26102025_VI_AutoMLExperiment" 

experiment = mlflow.get_experiment_by_name(experiment_name) 



  

 

 

 

if experiment is None: 

    raise ValueError(f"Experiment '{experiment_name}' not found.") 

 

# Fetch all runs (parent + child) 

runs_df = mlflow.search_runs(experiment_ids=[experiment.experiment_id]) 

 

# Display the full table in the notebook 

display(runs_df) 

 

# Optional: Show column names 

print("Columns:", runs_df.columns.tolist()) 

 

# Optional: Show number of runs 

print(f"Total runs: {len(runs_df)}") 

 

 

 

 

  



  

 

 

Appendix 3. SQL Query (Training dataset) 

 
 
/* ========================================================================= 
   APPENDIX 3 — TRAINING DATASET CONSTRUCTION (SQL Server, anonymized) 
   ------------------------------------------------------------------------- 
   This script reproduces the exact structure and logic used for the thesis 
   training runs (joins, filters, encodings, aliases, ORDER BY, etc.). 
   Company-specific constants are parameterized or masked. 
 
   NOTE: In later iterations of the solution, ENCODINGS WERE MOVED TO 
   A DEDICATED DATAFLOW GEN2 QUERY to ensure stable categorical mappings 
   and simplify the model notebook. This in-script encoding remains here 
   solely to document what was used in the training runs. 
   ========================================================================= 
*/ 
 
/* weekday start for DATEPART(dw) consistency (EU: Monday=1) */ 
-- SET DATEFIRST 1; 
 
/* === PARAMETERS (replace here or set at runtime) ======================== */ 
DECLARE @DataAreaId     NVARCHAR(10) = N'<DATAAREAID>';         
DECLARE @BusinessUnit   NVARCHAR(50) = N'<BUSINESS_UNIT>';      
DECLARE @MinCreatedYear INT          = 2023;                    
DECLARE @BadFinishDate  DATE         = '1900-01-01';            
 
/* === TEMP TABLE FOR RESOURCE EXCLUSIONS (MASKED) ============== */ 
IF OBJECT_ID('tempdb..#ResourceBlocklist') IS NOT NULL DROP TABLE 
#ResourceBlocklist; 
CREATE TABLE #ResourceBlocklist (ResourceId NVARCHAR(50) PRIMARY KEY); 
 
/* Populate with masked placeholders if you need to exclude specific resources. 
   If not needed, leave empty or comment the filter below. */ 
-- INSERT INTO #ResourceBlocklist(ResourceId) 
-- VALUES (N'<RES_001>'), (N'<RES_002>'), (N'<RES_003>'); 
 
/* === ENCODINGS (AS USED IN TRAINING; MOVED TO DATAFLOW LATER) =========== */ 
;WITH ProdIdEncoding AS ( 
    SELECT 
        ProdId, 
        DENSE_RANK() OVER (ORDER BY ProdId) AS ProdId_encoded 
    FROM ( 
        SELECT DISTINCT ProdId 
        FROM ProdTable 
        WHERE DATAAREAID = @DataAreaId 
          AND AA_BusinessUnitDimensionValue = @BusinessUnit 
          AND (AA_FIRSTRESOURCE IS NULL OR AA_FIRSTRESOURCE NOT IN (SELECT 
ResourceId FROM #ResourceBlocklist)) 
          AND FINISHEDDATE <> @BadFinishDate 
          AND FINISHEDDATE IS NOT NULL 
          AND YEAR(CREATEDDATETIME) > (@MinCreatedYear - 1)   -- original used > 
2022 
    ) AS unique_products 
), 
CountryEncoding AS ( 
    SELECT 
        AA_CountryRegionId, 
        DENSE_RANK() OVER (ORDER BY AA_CountryRegionId) AS Country_encoded 
    FROM ( 
        SELECT DISTINCT AA_CountryRegionId 



  

 

 

        FROM ProdTable 
        WHERE DATAAREAID = @DataAreaId 
    ) AS unique_countries 
), 
ItemNameEncoding AS ( 
    SELECT 
        Name, 
        DENSE_RANK() OVER (ORDER BY Name) AS ItemName_encoded 
    FROM ( 
        SELECT DISTINCT Name 
        FROM ProdTable 
        WHERE DATAAREAID = @DataAreaId 
    ) AS unique_items 
), 
ItemTypeEncoding AS ( 
    SELECT 
        DetailedItemTypeId, 
        DENSE_RANK() OVER (ORDER BY DetailedItemTypeId) AS ItemType_encoded 
    FROM ( 
        SELECT DISTINCT DetailedItemTypeId 
        FROM AA_InventTableExt 
        WHERE DATAAREAID = @DataAreaId 
    ) AS unique_types 
), 
 
/* === PRODUCT COUNT PER SALES ID / INTERNAL REFERENCE ===================== */ 
SalesIdProdCount AS ( 
    SELECT 
        COALESCE(ST.SalesId, PT.AA_WOSORefNum) AS SalesID_or_Reference, 
        COUNT(DISTINCT PT.ProdId)              AS prod_count_for_sales 
    FROM ProdTable PT 
    LEFT JOIN SalesTable ST 
           ON ST.SALESID    = PT.INVENTREFID 
          AND ST.DATAAREAID = PT.DATAAREAID 
          AND ST.PARTITION  = PT.PARTITION 
    WHERE PT.DATAAREAID = @DataAreaId 
      AND PT.AA_BusinessUnitDimensionValue = @BusinessUnit 
      AND (PT.AA_FIRSTRESOURCE IS NULL OR PT.AA_FIRSTRESOURCE NOT IN (SELECT 
ResourceId FROM #ResourceBlocklist)) 
      AND PT.FINISHEDDATE <> @BadFinishDate 
      AND PT.FINISHEDDATE IS NOT NULL 
      AND YEAR(PT.CREATEDDATETIME) > (@MinCreatedYear - 1)     -- original used > 
2022 
    GROUP BY COALESCE(ST.SalesId, PT.AA_WOSORefNum) 
), 
 
/* === BOM COMPONENT COUNT PER PRODUCT ==================================== */ 
BOMCount AS ( 
    SELECT 
        PB.ProdId, 
        COUNT(PB.ITEMID) AS bom_item_count 
    FROM PRODBOM PB 
    WHERE PB.DATAAREAID = @DataAreaId 
    GROUP BY PB.ProdId 
), 
 
/* === SHORT-TERM WORKLOAD (SAME PRODUCT, TRAILING 14 DAYS) ================ */ 
OrderLoadSameProduct AS ( 
    SELECT 
        PT1.ProdId, 
        PT1.FINISHEDDATE, 



  

 

 

        SUM(PT2.QTYSCHED) AS order_qty_same_product_2w, 
        COUNT(PT2.ProdId) AS order_count_same_product_2w 
    FROM ProdTable PT1 
    JOIN ProdTable PT2 
         ON PT2.FINISHEDDATE BETWEEN DATEADD(day, -14, PT1.FINISHEDDATE) AND 
PT1.FINISHEDDATE 
        AND PT1.ItemId     = PT2.ItemId 
        AND PT1.DATAAREAID = PT2.DATAAREAID 
    WHERE PT1.DATAAREAID = @DataAreaId 
      AND PT1.AA_BusinessUnitDimensionValue = @BusinessUnit 
      AND (PT1.AA_FIRSTRESOURCE IS NULL OR PT1.AA_FIRSTRESOURCE NOT IN (SELECT 
ResourceId FROM #ResourceBlocklist)) 
      AND PT1.FINISHEDDATE <> @BadFinishDate 
      AND PT1.FINISHEDDATE IS NOT NULL 
      AND YEAR(PT1.CREATEDDATETIME) > (@MinCreatedYear - 1)    -- original used > 
2022 
    GROUP BY PT1.ProdId, PT1.FINISHEDDATE 
) 
 
/* === MAIN SELECT: TRAINING DATASET (ANONYMIZED) ========================== */ 
SELECT 
    /* Keys (linking only; not used in training) */ 
    COALESCE(ST.SalesId, PT.AA_WOSORefNum) AS SalesID_or_Reference, 
    PT.ProdId, 
    PE.ProdId_encoded, 
 
    /* For downstream convenience (same as original) */ 
    CASE WHEN COALESCE(ST.SalesId, PT.AA_WOSORefNum) = N'' THEN 1 
         ELSE SPC.prod_count_for_sales 
    END AS prodid_count_for_salesid, 
 
    /* Order Attributes */ 
    PT.QTYSCHED          AS OrderQty, 
    CE.Country_encoded, 
    ST.AA_DELIVERFULLORDER, 
 
    /* Item Attributes */ 
    IE.ItemName_encoded, 
    ITE.ItemType_encoded, 
    BC.bom_item_count, 
    CASE WHEN LOWER(PT.NAME) LIKE N'%erik%' THEN 1 ELSE 0 END AS ErikoisFlag, 
 
    /* Demand Calculations (same product) */ 
    OLSP.order_count_same_product_2w, 
    OLSP.order_qty_same_product_2w, 
 
    /* Date / timing calculations */ 
    DATEDIFF(day, PT.CREATEDDATETIME, PT.DlvDate) AS days_to_ship, 
    DATEPART(dw, PT.CREATEDDATETIME)              AS order_day_of_week, 
    DATEPART(month, PT.CREATEDDATETIME)           AS order_month, 
 
    /* Label: delayed flag (business-neutral definition) */ 
    CASE 
        WHEN PT.FINISHEDDATE > PT.AA_ReqDate 
         AND PT.FINISHEDDATE > PT.DlvDate THEN 1 
        ELSE 0 
    END AS delayedFlag 
 
FROM ProdTable PT 
LEFT JOIN ProdIdEncoding       PE   ON PT.ProdId             = PE.ProdId 



  

 

 

LEFT JOIN CountryEncoding      CE   ON PT.AA_CountryRegionId = 
CE.AA_CountryRegionId 
LEFT JOIN ItemNameEncoding     IE   ON PT.Name               = IE.Name 
LEFT JOIN BOMCount             BC   ON PT.ProdId             = BC.ProdId 
LEFT JOIN InventTable          IT   ON PT.ItemId             = IT.ItemId 
                                   AND IT.DATAAREAID         = PT.DATAAREAID 
LEFT JOIN AA_InventTableExt    EXT  ON EXT.InventTable       = IT.RECID 
LEFT JOIN ItemTypeEncoding     ITE  ON EXT.DetailedItemTypeId= 
ITE.DetailedItemTypeId 
LEFT JOIN SalesTable           ST   ON ST.SALESID            = PT.INVENTREFID 
                                   AND ST.DATAAREAID         = PT.DATAAREAID 
                                   AND ST.PARTITION          = PT.PARTITION 
LEFT JOIN OrderLoadSameProduct OLSP ON PT.ProdId             = OLSP.ProdId 
                                   AND PT.FINISHEDDATE       = OLSP.FINISHEDDATE 
LEFT JOIN SalesIdProdCount     SPC  ON SPC.SalesID_or_Reference = 
COALESCE(ST.SalesId, PT.AA_WOSORefNum) 
WHERE PT.DATAAREAID = @DataAreaId 
  AND PT.AA_BusinessUnitDimensionValue = @BusinessUnit 
  AND (PT.AA_FIRSTRESOURCE IS NULL OR PT.AA_FIRSTRESOURCE NOT IN (SELECT 
ResourceId FROM #ResourceBlocklist)) 
  AND PT.FINISHEDDATE <> @BadFinishDate 
  AND PT.FINISHEDDATE IS NOT NULL 
  AND YEAR(PT.CREATEDDATETIME) > (@MinCreatedYear - 1)        -- original used > 
2022 
ORDER 
 

 
 

  



  

 

 

Appendix 4. Learning rate visuals 

 

ROC-AUC learning rate by learner, Model version 1 

 

ROC-AUC learning rate by learner, Model version 15 

 

 

 



  

 

 

Appendix 5. Validation Loss visuals 

 

Validation Loss Learning rate by learner, Model version 1 

 

Validation Loss Learning rate by learner, Model version 15 

 

 

  



  

 

 

Appendix 6. Apply model to future data process & Report 

 

 

 

 



  

 

 

 

 

Process: 

Refresh dataflow → Automate predictions –> Show in the report 

  



  

 

 

Appendix 7. Prediction Notebook code 

%pip install mlflow==2.12.2 scikit-learn==1.5.1 cloudpickle 

 

import mlflow 

from synapse.ml.predict import MLFlowTransformer 

 

df = spark.read.format("delta").load( 

    "abfss://xxxx@onelake.dfs.fabric.microsoft.com/xxxxx/Tables/FutureData

_16112025" 

) 

 

model = MLFlowTransformer( 

    inputCols=["ProdId_encoded","AA_DELIVERFULLORDER","ItemName_encoded","

ItemType_encoded","bom_item_count","order_day_of_week","order_month","prod

id_count_for_salesid","Country_encoded","ErikoisFlag","order_count_same_pr

oduct_2w","days_to_ship"], 

    outputCol="delayedFlag", 

    modelName="26102025_VI_AutoML", 

    modelVersion=16 

) 

df = model.transform(df) 

 

df.write.format('delta').mode("overwrite").save( 

    "abfss://xxxx@onelake.dfs.fabric.microsoft.com/xxxx/Tables/Predictions

_16112025" 

) 

 
 

 

 

 


