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Abstract
Organizations increasingly rely on digital data to understand and improve their
business processes. Process Mining is a data-driven approach that uses event logs
from information systems to visualize actual process behavior and identify ineffi-
ciencies. This thesis investigates how Process Mining can be applied in practice to
analyze the Order-to-Cash process, with a particular focus on the use of pre-defined
reference process models and backward-looking analytical techniques.

The study is conducted as a case study in collaboration with Paulig, using Infor’s
Process Mining solution integrated with the ERP system M3. Through a combina-
tion of Process Mining analysis, interviews, workshops and shadowing sessions, the
thesis evaluates how well a pre-defined industry-specific process model reflects an
organization’s actual Order-to-Cash process and how inefficiencies and bottlenecks
can be identified. The reference process model proved to be a strong baseline for
understanding the overall process structure, while the analysis revealed bottlenecks
related to master data issues that cause unnecessary manual interventions and longer
cycle times.

The results demonstrate that Process Mining can support improvements in both
administrative processes and physical logistics flows by revealing systematic issues
that are difficult to detect through traditional qualitative methods alone. The study
also highlights the importance of combining Process Mining insights with domain
knowledge and stakeholder involvement to correctly interpret results.

Keywords: Process mining, Order-to-Cash, Process discovery, Conformance check-
ing, Business process management.
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1
Introduction

The following chapter presents the background, purpose and scope of the thesis.
The context of the study is introduced through a description of Process Mining and
its role in organizational process analysis, together with an overview of the case
company. The purpose of the thesis and the research questions that guide the study
are defined. The limitations and conditions of the project are also outlined, along
with the intended contribution of the project.

1.1 Background
This section provides an introduction to Process Mining and a brief overview of
Paulig, the case company.

1.1.1 Managing Process Complexity
The current global environment is characterized by increasing complexity, driven by
major technological advancements, volatility and speed [1]. This escalating com-
plexity impacts the markets in which companies operate, necessitating that orga-
nizations constantly strive for innovation and digital transformation to maintain
success and stay ahead of the competition. Remaining competitive requires compa-
nies to continuously improve operational efficiency and excellence, becoming more
agile in adapting their strategies, structures and processes to actual conditions [1, 2].
Digitalization itself can be described by two critical words, speed and flexibility [1].
These attributes are essential for survival in fast-moving industries experiencing dis-
ruption.

A significant challenge arises from the sheer scale and huge variety of processes within
modern organizations, which severely increases operational handling and complex-
ity [1]. Large organizations for example, have to deal with thousands of suppliers
and millions of purchase orders, customer orders, deliveries and financial transac-
tions. Even smaller companies face challenges in understanding their actual business
processes and organizational complexity in order to continuously improve efficiency
and reduce transactional cost. The large variation often occurs not only between
individuals performing the same tasks, but also in how a single employee carries
out the same task at different times [3]. When dealing with this complexity and
variety, traditional methods of process analysis, which rely on extensive observation
and manual documentation, only draw a rough picture of reality that is open to
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1. Introduction

biased interpretation [1]. This environment has created a need for full transparency
and control over business operations, as transformation cannot be managed without
a thorough understanding of current processes and complexity drivers.

1.1.2 Introduction to Process Mining
Process Mining has emerged as an exciting technical innovation and a fundamen-
tal technology for the digitalization of organizations, providing an innovative path
toward simplifying complexity [1]. It is considered a key lever to address the com-
plexity challenge because it allows an understanding of even the most complex pro-
cesses. Process Mining converts the data produced during daily work into objec-
tive insights, thus creating an end-to-end experience and transparency. This allows
extraction and visualization of the actual process flow, providing transparency re-
garding the sequence of activities as they have actually taken place. Process Mining
visualizes the actual "as-is" process flows with all deviations and variations which
is typically much more complicated than the ideal, theoretical "to-be" process. For
example, analyzing complex processes like Order-to-Cash (O2C) can reveal thou-
sands of different process variants, making analysis challenging [2]. This insight is
critical because it allows for fact-based process management, leading to objectivity
and shifting discussions away from perception-based interpretations [1].

To give an example for the application of Process Mining, a study looking to iden-
tify and eliminate inefficiencies in IT system usage from a lean perspective in the
healthcare sector, states that impeded workflows can have a negative impact on
safety and effectiveness of care delivered to patients [4]. 241 workflow impediments
were found through observations and interviews with a large Dutch university hos-
pital. The inefficiencies arised due to misalignment between the standard workflow
of the Electronic Health Record (EHR) and the actual clinical workflows, meaning
users perform inefficient steps or create workarounds, increasing error risk and re-
ducing efficiency. It is stated that the digital workflows are less visible and more
difficult to track than the physical ones, further incentivizing and increasing the
relevance of Process Mining to visualize and create transparency in these digital
workflows with limited insight, while also bridging the gap between designed and
actual workflows.

Process Mining enables quick identification of improvement and automation areas
within core processes such as O2C and Purchase-to-Pay (P2P) [1]. The strength
of Process Mining lies in its ability to transform underutilized data into actionable
insights. Many organizations today collect vast amounts of process related data
but fail to exploit it beyond simple reporting. Process Mining addresses this gap
by supporting continuous improvement initiatives in a transparent and repeatable
way. Unlike traditional improvement programs that often require long lead times,
Process Mining enables continuous follow-up and iterative development of processes
through constant access to real-time data. As a result, organizations can gain a
clearer understanding of their workflows, improve compliance with standards and
enhance administrative efficiency. Its utility is also not confined merely to classical
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1. Introduction

administration processes but also extends to areas like production, development and
sales processes, but also to other industries such as the healthcare sector as previ-
ously stated. The transparency provided by Process Mining is of high importance
as technology progresses at an increasing pace. It offers guidance for automation
potentials, forming a crucial building block alongside the increasing synergy between
Robotic Process Automation (RPA) and Artificial Intelligence (AI).

Process Mining serves as the foundation for the successful transition to a digital or-
ganization [1]. It supports the concept of a Digital Twin of an Organization (DTO),
which is a dynamic software model leveraging operational data to understand how
the organization executes its business model and responds to changes. By enabling
full transparency and insight into activities as they actually happen, Process Min-
ing provides the tools and methods necessary to embed digital transformation into
day-to-day operations. It is expected to become compulsory for ensuring Business
Process Hygiene (BPH), making it necessary for process owners to justify why they
are not using Process Mining for continuous process optimization and screening.

In the last decade, Process Mining has been established in the operational environ-
ments of many companies, who have adopted its principles to industrial requirements
in order to create economic and ecologic value [1]. A large amount of process variants
can be reduced and the remaining ones optimized, thus reducing operational ineffi-
ciency. Companies like Siemens started as early as 2011 to adopt this technology,
and by 2019 large organizations like BMW and Telekom were using it throughout
organizations as a standard tool for digital transformation and identification of pro-
cess inefficiencies. Over time, an increasing number of use cases have been applied
along value chains.

Given the increasing environmental challenges and the need for a sustainability revo-
lution, technological innovations like Process Mining could also play a role in solving
these challenges and provide ecologic value [1]. Apart from identifying process in-
efficiencies in general, it could optimize flows within production and logistics to for
example reduce energy consumption and material waste, but also increase transport
efficiency and optimize inventories. The goal of this sustainable economy is achieved
by reducing transactional costs and the environmental footprint of logistics opera-
tions, thus creating both economic and ecological value.

The Process Mining technology operates by analyzing event logs, which are digital
traces captured from systems like Enterprise Resource Planning (ERP), Customer
Relationship Management (CRM) or Warehouse Management Systems (WMS) [1].
By utilizing these system-generated event logs, Process Mining allows organizations
to create a transparent and detailed picture of their workflows. Earlier approaches
relied heavily on subjective interviews and manual process mapping [5]. The analy-
sis can be performed through three main perspectives, discovery, conformance and
enhancement:
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• Discovery: Where a process model is automatically generated solely based on
event logs without prior knowledge [5].

• Conformance: Where the actual process execution is compared to a pre-defined
standard to identify deviations and understand their causes [6].

• Enhancement: Where the aim is to improve existing processes by introducing
best practices or optimizing the current workflow [6].

While the digital trace data offers transparency into what actions take place, it does
not necessarily explain why those actions occur [7]. For this reason, Process Mining
is best used as a diagnostic tool, a way of conducting a current state analysis of
processes that can later serve as input for further optimization methods like RPA or
Generative AI (GenAI) solutions [1]. Process Mining techniques allows filtering and
segmentation to analyze specific subprocesses and business units to uncover ineffi-
ciencies and bottlenecks. The tool can also be applied to identify positive deviants,
which are instances where processes perform better than the established standard.

There are several reasons why processes do not follow their intended flow. For
instance, disruptions such as a supplier delaying a delivery or a customer chang-
ing an order quantity with short notice can create deviations from the standard
sequence. These kinds of variations, combined with differing work practices, mul-
tiple system usage and a lack of standardized procedures, make it challenging to
achieve consistent outcomes. This can lead to both inefficiencies and bottlenecks in
an organization’s workflow. While bottleneck analysis has traditionally focused on
production settings [1], there is increasing interest in applying it to administrative
and service processes, where efficiency is equally critical but harder to monitor and
manage.

1.1.3 Case
This master’s thesis is carried out in collaboration with Meridion, Infor and Paulig.
Meridion is an ERP consultancy firm specializing in supply chain management and
supporting organizations in system implementation and data-driven improvement.
Infor is a software vendor and developer of the ERP system M3 and the Process
Mining tool used in this study. Paulig is a major actor in the Food & Beverage
industry, with headquarters in Finland and owning multiple brands across Europe.

Paulig’s portfolio includes multiple business units, where the Tex-Mex brand Santa
Maria is well known to most Swedish consumers. This thesis, however, focuses on
the Finnish coffee brand, which is one of the company’s most established categories
with its strongest markets in Finland and the Baltic region. Paulig has historically
operated with several different ERP systems across brands, regions and produc-
tion sites. To address this fragmentation, the company is currently undergoing a
large-scale transformation called One Paulig, which aims to harmonize processes
and transition the entire organization into a single ERP system, M3. Within this
transformation, the coffee division acts as the pilot group. This means that the
coffee organization is not only the first to migrate to M3, but also responsible for es-
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tablishing standard ways of working that the other brands soon will follow. Because
of this role, understanding their administrative processes is crucial for ensuring a
smooth transition and avoiding costly discrepancies when rolling out the system to
the rest of the organization.

To support this effort, Paulig is interested in objectively mapping how its O2C pro-
cess currently operates, identifying deviations from expected behavior, uncovering
bottlenecks and highlighting where procedures vary across customers and locations.
Infor’s Process Mining tool is intended to facilitate this by using Paulig’s real event
data from M3 to reconstruct the process, show how cases flow through different steps
and point out inefficiencies along the way. A key characteristic of Infor’s solution
is that it begins from a pre-defined industry-specific reference model, in this case
tailored to companies in the Food & Beverage sector.

1.2 Purpose
The purpose of this project is to examine Process Mining as a technique for ana-
lyzing and diagnosing administrative processes within a Food & Beverage company.
The study focuses on understanding whether a Process Mining tool can reveal bot-
tlenecks and deviations within Paulig’s O2C process and how these insights can
support the organization during its transition to a unified ERP environment.

Since Infor’s Process Mining solution is used in the project, particular attention
is given to how well the pre-defined Food & Beverage reference model represents
Paulig’s actual operations. Part of this project is therefore to analyze how well
Infor’s generic Food & Beverage model aligns with Paulig’s real operations and to
understand where adaptations may be needed. To ensure an objective perspective,
the study includes a broad literature review covering different Process Mining ap-
proaches. This creates a foundation for comparing Infor’s method with alternative
techniques and helps evaluate the strengths and limitations of the specific tool tested
in this case.

The study also aims to assess the broader opportunities and limitations of Pro-
cess Mining as a technique, independently of any specific software. By reviewing
academic literature and results from the project, the study evaluates how Process
Mining performs and what general insights and constraints companies should be
aware of when adopting the technique.

1.3 Research Questions
Process Mining is still a relatively new and rapidly developing analytical technique,
and many questions remain about how well it works in real organizational settings.
Based on the case context and the purpose of this thesis, three research questions
have been formulated to explore both the practical use of Infor’s Process Mining tool
and the broader implications of adopting Process Mining in administrative processes.
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A central starting point is to understand how accurately the tool represents Paulig’s
actual O2C process, since reliable process models are essential to gain meaning-
ful insights and guide the One Paulig transformation. Therefore, the first research
question is:

RQ1: How accurately do pre-defined process models reflect actual O2C processes?

Another important motivation is to evaluate whether Process Mining can reveal
bottlenecks and inefficiencies that may not be visible through traditional qualitative
methods such as interviews, workshops or manual process mapping. This leads to
the second research question:

RQ2: Which inefficiencies and bottlenecks in the O2C process can be identified
through Process Mining?

It is also essential to assess the broader potential of Process Mining beyond the
specific tool used in this project. By understanding both opportunities and limita-
tions, organizations can form realistic expectations about what Process Mining can
achieve. The third research question is therefore:

RQ3: What are the opportunities and limitations associated with the application
of Process Mining tools in organizational process analysis?

1.4 Limitations
This project includes a number of limitations that shape what is examined and how
the results are interpreted.

Paulig has so far only implemented the M3 system in the Finnish and Baltic mar-
kets, which means that all event logs originate from these regions. The warehouse
and logistics activities are mainly located in Finland, whilst the office functions are
split between Finland and Estonia. A central part of the study aims to explore how
Paulig’s actual O2C process differs from the Food & Beverage industry standard
map provided by Infor. Since this investigation is limited to one business unit and
two geographical locations, it is not possible to evaluate how these differences vary
between other parts of the company.

Tool availability also constrains the project. Access to Infor’s Process Mining en-
vironment was limited to five weeks, which reduces the time for deeper exploration
and iteration. The project only includes Infor’s interpretation of Process Mining,
meaning that a broader evaluation of the technique must rely on academic literature
when addressing the research questions related to general opportunities and limita-
tions.

The scope of accessible data limits the thesis as well. Only information related
to the O2C process is available which means that other business processes such as
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procurement and production are not included in this analysis. The event log data
was generated before the study began meaning that the authors had no influence
over how the data was recorded and structured. If certain activities or attributes
are missing, it is technically possible to add them at a later stage, but doing so
requires effort from multiple stakeholders and is therefore only undertaken when the
information is expected to contribute significantly to the results.

Activities that take place outside M3 are not captured in the database and cannot
be analyzed with the Process Mining tool. Examples include emails and trans-
port bookings in external portals. To obtain a complete understanding of the O2C
process, these parts of the workflow are instead explored through interviews and
shadowing sessions.

1.5 Conditions & Contribution
As part of this study it is important to note that Infor’s Process Mining tool is still
in an early stage of adoption, especially in Sweden. This thesis is only the second
project in the country to work with the tool and the first to apply it to the O2C
process since the other project focused on the P2P process. As a result, there are
limited local resources and best practices available to support the work. An objec-
tive of the study is therefore to evaluate how well the tool performs in practice and
to identify areas where it can be improved.

There is currently no established standard for how bottlenecks should be identified
with Process Mining tools, partly because every company operates with different
systems and process structures. A secondary aim of this thesis is therefore to de-
velop a structured way of working with Infor’s tool that enables quick identification
of process areas that require attention and further analysis.

Being early adopters also means that the project includes collaboration with Infor’s
development team. The authors have the opportunity to provide feedback on us-
ability and functionality as well as suggestions on how the tool can better support
the analysis of administrative processes. This adds a developmental dimension to
the thesis that is separate from the main research questions but valuable for the
ongoing refinement of the tool.
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2
Theoretical Background

This chapter presents the theoretical background that forms the basis for the study.
It introduces the O2C process, the role of information systems in business operations
and the main concepts and techniques of Process Mining that are relevant for the
analysis in this thesis.

2.1 The Order-to-Cash Process
The O2C process can briefly be described as the sequence of activities beginning
with the receipt of a customer order and ending with the collection of payment for
the corresponding invoice [8]. It is one of the core end-to-end processes in supply
chain and financial management and plays a central role in both operational effi-
ciency and liquidity performance. Between order receipt and payment, organizations
typically perform a series of activities such as order confirmation, order picking, de-
livery and invoicing. The shorter and more efficient the O2C cycle is, the quicker the
organization converts sales into cash, thereby improving its working capital position
and reducing administrative transaction costs. The activities in the O2C process
are cross-functional and include multiple departments such as Sales and Customer
Service (CS) who are responsible for negotiating orders and maintaining customer
interactions, while Finance and Accounting manage invoicing and cash reconcilia-
tion.

In Figure 2.1, a typical O2C process is presented, illustrating the distribution of
responsibilities across departments. The process typically begins in Customer Ser-
vice, where the order is received, validated, confirmed and sent to the warehouse [9].
Many organizations also perform several pre-order activities prior to order release.
These include the creation and maintenance of accurate customer master data, such
as customer information, payment terms and pricing agreements. Complete and
accurate documentation is essential to prevent later errors in delivery or invoicing
[10]. Credit management is also often performed before the order is accepted, where
the customer’s creditworthiness is assessed and credit limits are set. Such pre-order
checks reduce financial risk and help ensure that the order can move through the
process without unnecessary credit blocks or manual interventions. Once the order
is accepted, it is transferred to warehouse operations for picking, packing and stag-
ing for dispatch. Order fulfillment may also involve transportation planning, carrier
selection, shipment documentation and the communication of tracking information
to the customer. Proof of Delivery (POD) confirms successful delivery and may be
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contractually required before invoicing can occur, but can vary depending on the
terms of the companies.

Figure 2.1: A basic O2C process showing the major steps from customer order
creation to received payment.

The invoicing process follows the physical delivery of goods or completion of ser-
vices. Accuracy in invoicing, related to for example quantities, prices, discounts,
taxes and delivery details, is important as discrepancies often lead to customer dis-
putes, delayed payments and increased administrative workload [9]. When disputes
occur, organizations typically employ a formal dispute management process that
investigates discrepancies and issues adjustments where appropriate. Effective dis-
pute management not only accelerates cash flow but also contributes to customer
satisfaction and long-term relationship quality. After invoicing, the process contin-
ues to accounts receivable and collections, where Finance monitors open invoices
and escalates overdue payments when necessary. When payment is received, it must
be accurately matched to outstanding invoices, a task known as cash application.
Depending on the organization’s level of automation and the quality of remittance
information, this step can range from highly automated to heavily manual. Effec-
tive cash application is important for maintaining accurate accounting records and
ensuring that customer credit limits and account statuses are up to date. Once
payment is matched and posted, the O2C cycle is formally complete.

In addition to the forward flow of orders, many organizations also manage a reverse
logistics flow which involves a return flow [10]. Customers may return products due
to various reasons such as incorrect shipments or quality issues. This reverse flow
begins with the customer sending a complaint, followed by logistics handling and
inspection of the returned items and the issuance of a credit note or refund where
applicable.
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2.2 Information Systems
Today’s companies rely on a range of information systems that capture and maintain
digital records of business operations. These systems provide detailed data about
everything from transactions, customers and suppliers to production and inventory
levels [11]. Since different types of information systems are specialized in different
organizational areas, companies usually employ several complementary systems to
ensure that all parts of their operations are covered digitally. While some of these
systems are designed to exchange data and operate most effectively when integrated
with one another, others are more isolated or function-specific, which results in frag-
mented information flows. Because the collective information stored in the systems
represents a digital reflection of how the organization actually operates, it also forms
the essential data foundation for Process Mining. Table 2.1 presents three of the
most commonly used information systems with a short description of their main
characteristics and functions.

Table 2.1: Main types of information systems.

Information System Description

ERP

A centralized information system that combines a
shared database with a range of applications supporting
the management and coordination of business activities.
It is divided into various modules and covers functions
such as customer order handling, production planning

and procurement [12]. While an ERP system in
principle can cover most organizational needs, it is often

complemented by other systems that handle more
specialized tasks, for instance CRM and WMS [13].

CRM

A system used to manage and improve a company’s
interactions with existing and potential customers. It

supports activities such as marketing, sales and
after-sales. It gathers and connects customer

information from various channels and departments to
create a complete understanding of each customer. By

analyzing and understanding customer behavior, a
CRM system helps organizations increase satisfaction

and improve long-term profitability [14].

WMS

A system used to manage and control warehouse
operations by tracking the flow and storage of goods.
Simpler versions are primarily focused on registering

stock levels and locations. It also supports storage and
picking activities. More advanced systems can plan and

coordinate resources and material flows. A WMS
provides detailed tracking of products, destinations and

movements [15].

Although many types of information systems contribute to the digital operations of a
company, the ERP system most often serves as the central platform where data from
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different areas is gathered [11]. Over time, ERP systems have developed from simple
material planning tools into comprehensive solutions that integrate most aspects of
business management [12]. Companies also use Electronic Data Interchange (EDI)
as a standardized way to share information across organizations. Through EDI, doc-
uments like purchase orders and invoices can be exchanged automatically between
systems, which reduces manual work and helps ensure consistent and accurate data.

2.3 Process Mining
This section provides an overview of Process Mining. It covers its background and
development, how event data is used to understand real processes, the different types
of Process Mining, guidance on how to start a project and how Process Mining relates
to other tools.

2.3.1 Background & Development
Process Mining is a field that combines ideas from data science and process man-
agement with a focus on how digital records can be used to understand and improve
business processes [16]. It can be applied to study both administrative processes
such as order handling and invoicing as well as the physical flow of products. Figure
2.2 presents some of the main topics in data and process science that intersect within
the field of Process Mining, illustrating how it integrates data-driven analysis with
process-oriented thinking [16, 17].

Figure 2.2: Process Mining is the intersection between data and process science.
Image adapted from [16].

Research on the topic has been ongoing since the late 1990s [18]. At that time nu-
merous barriers existed that hindered the implementation of Process Mining tools in
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industrial contexts. The main issues were the limited availability of structured event
data and the unrealistic assumptions the early models were based on [1]. During this
period most organizations were still in the beginning of transitioning from manual
and partially paper-based workflows to digitalized business processes. Information
systems such as ERP and CRM were introduced, but were neither widespread nor
fully mature [11]. The early forms of ERP systems were far from comprehensive and
mainly focused on specific operational areas such as Material Requirements Plan-
ning (MRP) and lacked the integration needed to represent complete process flows.
Since most administrative business activities were still carried out outside of digital
systems it was nearly impossible to analyze entire end-to-end processes [1]. Conse-
quently, the type of standardized and consistent data required for Process Mining
was rarely available.

As digitalization advanced and information systems became more established the
situation changed gradually. These systems were able to record large amounts of
event data that reflected how activities were actually carried out [11]. This created
a foundation for data-driven process analysis methods in practice such as Process
Mining [19]. In the early 2010s, Process Mining began moving from research context
to industrial use as commercial tools became available. In 2018, there were more
than 30 software vendors offering Process Mining tools [1]. Combined with greater
computing power and improved visualization techniques, it is now possible to extract
data from information systems to visualize and analyze processes. But in comparison
to the 1990s, today’s problem is instead that the large variety of information systems
within individual companies makes it challenging to gather all relevant data in a
single place and in the same format [20, 21].

2.3.2 Purpose of Process Mining
The main idea behind Process Mining is to bridge the gap between how organiza-
tions believe their processes are executed and how they actually work in practice.
By extracting digital event data from information systems, organizations can visu-
alize the "as-is" process flow. Based on this, it is possible to perform an analysis to
detect inefficiencies and uncover improvement opportunities. At this stage, it also
becomes possible to identify deviations from internal guidelines and user manuals
[22].

Process Mining relies on event data that is automatically generated when activities
are executed within information systems. This data forms an objective represen-
tation of how processes unfold over time and enables organizations to base their
improvements on empirical evidence rather than assumptions or interviews. Com-
pared to traditional process modeling methods, which are often based on workshops
and manual documentation [1], Process Mining captures the actual behavior of how
a process is performed rather than the idealized version of it.

Process Mining is mainly suitable for processes that are repetitive and follow a
reasonably stable structure across many cases. Research and industry experience
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show that organizations most often begin with core administrative processes such as
P2P and O2C, as these are typically well standardized, generate clear processtraces
and offer substantial opportunities for improvement [1]. Procurement and sales
related processes have repeatedly demonstrated quick wins, both in terms of cost
savings and increased revenue, since they produce high quality event data and follow
well defined patterns from initiation to completion [16].

2.3.3 Event Logs & Process Variants
Event logs form the core data foundation of Process Mining as they capture the
digital traces when activities are executed in information systems. An event log
can be understood as a collection of recorded events, where each event represents a
single step in the execution of a business process and is linked to the specific case
in which it occurred [1, 23]. Since most information systems store data in relational
databases rather than in ready-made process formats, relevant information must
often be extracted from different tables and converted into a flat event log structure
[23]. Despite this, the basic requirements for an event log are simple and consistent
across systems [1]. Based on the event data, Process Mining automatically derives
process variants that reflect the different paths cases have taken through the process
in practice. At a minimum, each event record must contain three key attributes that
describe what happened and when:

• Case ID: Uniquely identifies the process instance to which the event belongs.
Examples include customer orders, customer order lines or purchasing orders.

• Activity label: Specifies the action or step that was executed. Examples are
Customer Order Created, Packing Performed or Payment Received.

• Timestamp: Records the exact moment the activity took place, including
the date and exact time down to milliseconds.

Additional attributes of a case can be included to support a deeper analysis [23].
Digital traces arise whenever a user performs an action in an information system.
For example, when an order line is created, when a delivery date is updated, when
a quantity is changed or when an invoice is generated. Across systems such as ERP,
CRM and WMS, each of these actions updates the underlying database and pro-
duces an event that becomes part of the event log [1]. Automatic activities are also
recorded and generate event data in the same manner, which means that they can
be included in the analysis even though no user actively performs them. As a result,
the event log provides an objective and chronologically ordered representation of
how processes are actually executed. Figure 2.3 presents an example of a digital
event log, showing the sequence of recorded activities for a single case together with
the basic attributes.

A strength of Process Mining is its role of both being a visualization technique
and an analytical method. The visualization component provides a process model
derived directly from event logs, commonly presented as a flow diagram of the most
frequent paths. In Figure 2.4, a specific execution path is shown, illustrating how
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the sequence of activities can be visualized directly from the event log to reveal the
actual order in which the process unfolded. This is a fairly simple path that moves
from the creation of a customer order to the final receipt of payment. Even in this
straightforward case, all three functions Customer Service, Logistics and Finance
are involved in carrying out the process.

Figure 2.3: Example of an event log. Figure 2.4: Example of a process
variant.

The discovered process model forms the foundation for performance measurements
such as throughput times and waiting times. Analytical features enable organiza-
tions to evaluate different process variants and identify undesired activity loops in
the standard procedure [1]. Event logs and process variants can be used to un-
derstand how the process actually operates and to identify actionable improvement
opportunities.

2.3.4 Reference Process Models
Process Mining builds on the idea that event data can be compared with a reference
process model that represents how the process is expected to operate [16]. The
reference process model can be a manually designed process map, for example a
Business Process Model and Notation (BPMN) diagram used by the organization
or a mathematically precise model such as a Petri net that is discovered directly
from the event data. In both cases the model functions as a point of reference when
analyzing how the real process behaves and where differences between the expected
and observed flow occur [16].

BPMN is a widely adopted standard for describing business processes in a clear
and accessible way. It uses a set of graphical elements such as activities, business
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rules and arrows indicating the sequence flow to form a business process diagram
[24]. A central purpose of BPMN is to create a notation that is understandable to
business analysts, managers and technical developers, which helps bridge commu-
nication gaps during process design and improvement work [24]. BPMN diagrams
often include swimlanes that represent different functions or roles in the organiza-
tion, which makes responsibilities easy to interpret. BPMN models describe how
the organization believes the process should operate, rather than the full variation
present in real executions.

Petri nets provide a more formal and analytical way of representing processes. They
consist of elements that show how activities depend on each other and how steps
may occur in parallel. In Process Mining, Petri nets are closely linked to several im-
portant techniques. Many discovery algorithms create Petri nets directly from event
logs and they are also commonly used when checking how well the observed execu-
tion matches the expected behavior [25]. There are many different forms of Petri
nets and most of them can express the same workflow patterns that are also found
in BPMN models [25]. Because of their formal structure, Petri nets are useful for de-
tailed analysis, even though they can be more difficult to interpret for business users.

Both BPMN and Petri nets support Process Mining, but they contribute in dif-
ferent ways. BPMN is intuitive and easy to understand, which makes it suitable
for communicating how a process is intended to work and for involving business
stakeholders in improvement efforts. Petri nets provide a more precise and formal
representation of the behavior found in event data, which is helpful when analyzing
the logic and structure of a process in detail. Although they are less accessible to
non-technical users, they offer a deeper level of insight. Most commercial Process
Mining tools therefore present BPMN-style diagrams to the user while internally
converting these models into a Petri net representation to handle the underlying
process logic and ensure that complex behavior can be analyzed correctly [26]. In
this way, the two notations complement each other with BPMN offering clarity and
Petri nets providing analytical precision.

2.3.5 Different Types of Process Mining
Process Mining techniques are typically divided into two main categories, backward-
looking Process Mining and forward-looking Process Mining. Backward-looking
techniques focus on understanding how the process has behaved in the past and are
used to investigate issues such as bottlenecks, deviations and variants. This category
is commonly divided into four sub-types that together describe the "as-is" state of
the process and form the diagnostic part of Process Mining [16]. Forward-looking
techniques aim to anticipate future behavior by predicting outcomes, an example
is to estimate the remaining processing time of a running case or identify where a
bottleneck is likely to occur based on the path the case has taken [1]. Apart from
these two main categories, there is also an action-oriented type of Process Mining
that focuses on turning insights into real actions by triggering workflows or responses
when certain situations occur in the process [16].
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2.3.5.1 Backward-looking Process Mining

Process discovery is the most fundamental application of Process Mining and refers
to the automatic generation of a process model solely based on event data without
relying on pre-defined descriptions or user assumptions [16]. It allows organiza-
tions to gain an objective representation of how processes are actually performed.
Through the discovery part it becomes possible to visualize the most common paths,
parallel ongoing activities and the overall structure of the process [6]. Process dis-
covery serves as the foundation for further analysis and evaluation [16].

Conformance checking focuses on comparing a reference process model with the
actual execution recorded in event data [6]. Its purpose is to assess how well the
documented or assumed process aligns with reality by making deviations visible.
Since process models are often handmade and influenced by assumptions, they may
represent an outdated or idealized version of the process [27]. Conformance checking
helps identify where the model and the event log differ by highlighting:

• Wrong sequenced activities: Showing where the execution order deviates
from the reference model.

• Missing activities: Indicating that expected steps were never carried out.
• Additional activities: Revealing tasks that appear in the event log even

though they are not part of the reference model.

Locating these discrepancies allows organizations to evaluate the quality of their
models and consider necessary redesigns. It also helps to determine where the real
process may require adjustments or improved support [27].

Performance analysis focuses on identifying timing and efficiency-related issues in a
process such as long waiting times, missed deadlines or recurring quality problems
[16]. By linking event data to the process model, it becomes possible to examine
how often activities occur, how long they take and where delays or loops appear.
A method called token-based replay is frequently used to relate event data to the
process model and to highlight discrepancies in timing and execution behavior [28].
Using the timestamps contained in the event log, performance analysis enables the
calculation of indicators such as throughput times, waiting times, response times
and service times. This information can also be used to evaluate compliance with
Service Level Agreements (SLA) and to identify areas where performance expecta-
tions are not being met [16].

Comparative Process Mining focuses on analyzing and contrasting multiple event
logs that represent the same process executed under different conditions such as
across locations, time periods or customer segments [16]. Comparing these logs
makes it possible to identify both common patterns and differences in how the
process behaves in each context. Root cause analysis is often used to explain these
differences by linking variations to factors such as workload, resource availability or
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case characteristics. A method of particular interest is the detection of execution
gaps, which are recurring problems that appear more frequently in one log than
another, for example longer waiting times or additional rework [16].

2.3.5.2 Forward-looking Process Mining

Predictive Process Mining focuses on anticipating how a running process case is likely
to unfold and on forecasting outcomes that have not yet occurred [29]. This includes
predicting the next activity, estimating remaining processing time or identifying
whether a case is at risk of deviation. These predictions help organizations respond
to changes in their operations, manage resources more effectively and take preventive
actions before performance or compliance problems occur. A range of Machine
Learning (ML) methods can be applied to support predictions, drawing on insights
from the backward-looking analysis to recognize patterns in past behavior and use
them to forecast future events [16].

2.3.5.3 Action-oriented Process Mining

Action-oriented Process Mining focuses on turning analytical insights into concrete
interventions that actively support or adjust the running process. While backward-
looking techniques explain what has happened and forward-looking techniques pre-
dict what may happen next, action-oriented Process Mining uses these diagnostics
to trigger actions during execution [16]. Examples include:

• Reallocating resources when waiting times increase.
• Notifying managers when important checks are skipped.
• Blocking suppliers whose behavior indicates potential risk.

An important development within this area is the growing connection between Pro-
cess Mining and RPA. RPA is used to automate repetitive and rule based tasks, while
Process Mining contributes by identifying which tasks are suitable for automation
and by monitoring how the tools perform once they are in use [1]. Research further
shows that Process Mining can uncover repetitive work patterns and user-interface
interactions that can be automated, allowing organizations to find additional op-
portunities for improvement [16]. In addition to task automation, action-oriented
Process Mining can also support automatic management interventions, sometimes
referred to as Robotic Process Management (RPM). In these situations, diagnostic
insights are translated into actions such as alerting supervisors, informing customers
about delays or assigning additional staff when it looks like it is needed [1]. Through
these capabilities, action-oriented Process Mining supports the translation of ana-
lytical insights into targeted improvements in operational processes.

2.3.6 How to Start a Process Mining Project
One of the questions raised for Process Mining is not knowing how to start [1]. A
successful Process Mining project requires clear preparation, realistic expectations
and reliable data. Many initiatives fail because teams are not fully engaged, goals
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are vague or data is incomplete. Three foundational factors, known as the 3P:s [1],
need to be aligned from the start to create the right conditions:

• Purpose: A clearly defined business objective that explains why Process Min-
ing is being used and what improvement it should support.

• People: Stakeholders with the right mix of process knowledge, technical un-
derstanding and willingness to drive change.

• Processtraces: Complete and accessible event data form the factual basis
for the analysis.

These three elements must support each other. A strong purpose and motivated
people cannot compensate for missing or low-quality data, and high-quality data
will not create impact without clear goals or committed stakeholders [1].

Defining the intended process requires input from several parts of the organization.
For example, a typical O2C process involves functions like Customer Service, Logis-
tics and Finance, each with its own responsibilities and viewpoints. Representatives
from different levels within these functions must participate, as operational staff,
team leads and managers often see different parts of the process and highlight dif-
ferent challenges [1]. Technical expertise is also required to understand where the
relevant information is stored and how to extract it in a structured way. Some-
one must also define what to examine in the process so that the reference model is
structured correctly and captures the intended flow. This collaboration is essential
in order to create a representable BPMN model that can serve as a reliable baseline
for the following Process Mining analysis.

Findings from previous Process Mining projects indicate that it is effective to begin
with a small and simple pilot. Focusing on one well-structured process like P2P or
O2C helps generate quick results because these processes are standardized, produce
high-quality event logs and offer clear improvement potential [1]. Process Mining
should be viewed as a continuous activity, since processes change over time and
insights need to be refreshed accordingly [1]. In this sense, Process Mining serves as
the administrative counterpart to continuous improvement practices in production
environments, providing a data-driven approach to identify inefficiencies, monitor
changes and support iterative process optimization.

2.3.7 Process Mining in Relation to Other Tools
Process Mining is often discussed together with simulation and digital twin technolo-
gies, since all three aim to support process understanding and operational improve-
ment. Each approach contributes with a different perspective on how processes
behave, are monitored and how potential future outcomes can be evaluated. To-
gether they form a broader toolbox for evidence-based process analysis [30, 31].

Simulation is a model-driven approach where a pre-defined process model is used
to generate simulated behavior. This makes it suitable for exploring alternative de-
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signs, capacity changes and potential future outcomes. The results strongly depend
on how accurately the model reflects the real process [30]. Building such a model
often requires expert knowledge and assumptions that may be difficult to validate.
Process Mining begins with real event data extracted from information systems and
reconstructs the actual process flow based on this information. This provides a fac-
tual view of how the process behaves but is primarily backward-looking and does not
by itself support the evaluation of hypothetical redesigns. When combined, Process
Mining and simulation complement each other. The discovered models can serve as
a realistic basis for simulation and the simulated event logs can be analyzed with
Process Mining to verify whether a simulation model behaves realistically [30].

Digital twins are virtual representations of physical processes that are continuously
updated with real-time data. Process Mining supports the development and op-
eration of digital twins by extracting event data and deriving process information
that reflects how the system actually functions [31]. This helps the digital twin stay
aligned with real executions and reduces the risk that the virtual representation
drifts away from what happens in practice. It also improves the ability of the twin
to provide timely predictions and detect early signs of inefficiencies or deviations
[31]. Process Mining and digital twins together combine real-time monitoring with
data-driven insights into how the process unfolds, creating a strong foundation for
operational decision support. This integration strengthens the analytical capabili-
ties of the twin and supports the continuous improvement of complex systems during
runtime [31].

2.4 Theoretical Application in the Project
The O2C process provides the foundation for the thesis and defines the scope of
the empirical analysis. It establishes a reference for evaluating whether Paulig’s
O2C process reflects a typical end-to-end flow and clarifies how different activities
interact. The focus on cycle times highlights the importance of fast conversion from
order creation to payment and guides which process data is included in the study.

Information systems form the digital basis for the capture of business processes. In
this thesis, the ERP system M3 is the main data source as it contains most of the
O2C activities analyzed with the Process Mining tool. CRM and WMS are dis-
cussed to illustrate activities that may fall outside the scope of this project. The
historical perspective also clarifies why Process Mining is a relatively new field and
why ERP maturity is central to this case with regard to data availability.

Process Mining supports the thesis objectives by enabling a data-driven analysis of
how administrative processes are actually executed, rather than how they are as-
sumed to work. Reference process models provide a baseline for comparing expected
and observed behavior, where BPMN based models are used on the user level while
Petri net logic supports systematic detection of deviations in the background. The
study applies backward-looking Process Mining techniques to identify inefficiencies
and non-conforming behavior in Paulig’s O2C process. Forward-looking and action-
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oriented approaches are discussed to frame how insights could be used for proactive
decision making and operational improvements in the future.

The methodological framework of purpose, people and processtraces ties the theoret-
ical concepts together and explains how the project was structured. The framework
motivates the choice of a focused O2C pilot and clarifies how stakeholder involve-
ment and data selection support the overall analysis.
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3
Methodology

The following chapter describes the research design and methodology used in this
study. The aim of the chapter is to explain how the study was conducted and to
motivate the methodological choices made in relation to the research questions. By
presenting the approach, data collection and analysis methods, the chapter provides
an understanding of how the results of the report were produced.

The study is mainly based on a qualitative case study approach, as the purpose is to
explore how Process Mining can be applied in organizational process analysis and to
identify opportunities and limitations. This analysis is combined with quantitative
elements through the results of the Process Mining tool. Since Process Mining is
highly dependent on the organizational context and the availability of structured
data, a study of real processes within a company was considered suitable. The
empirical material consists of event log data extracted from Paulig’s ERP system.
This data is analyzed using Infor’s Process Mining tool in order to discover and
analyze actual process flows. Insights from interviews, workshops and presentations
with employees involved in the O2C process were used to support the analysis and
interpretation of the results. Aspects such as data quality and limitations of the
chosen methodology are addressed at the end of the chapter.

3.1 Method Design
The study follows a case study–based research design, focusing on the application of
a Process Mining tool in a real organizational setting. Since Process Mining relies
on event data but also requires an understanding of how processes are intended to
function in practice, a combination of qualitative and quantitative methods is ap-
plied. This approach enables a more complete analysis by combining data-driven
insights with contextual knowledge from the organization.

To structure the methodological approach, the study is guided by the 3P:s previ-
ously presented, which includes purpose, people and processtraces. The purpose is
defined by the research questions and determines what insights the analysis aims to
generate. The people dimension is represented by process stakeholders and domain
experts at Paulig, who contribute essential knowledge about how the O2C process is
executed and where the boundaries between processes lie. The processtraces consist
of event log data extracted from Paulig’s M3 environment, which forms the technical
foundation for the Process Mining analysis.
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As illustrated in Figure 3.1, the methodology follows a stepwise process. In the
early stages of the project, the focus was primarily on qualitative methods such
as semi-structured interviews, workshops and review of company documents. This
phase was necessary to build an understanding of both administrative and physical
O2C processes, establish process boundaries and reduce the risk of misinterpreting
system data. At this stage, Paulig’s process experts played a key role in providing
contextual knowledge, while the technical use of the Process Mining tool was still
developing.

Figure 3.1: Overview of the methodology used in the study.

As the project progressed, improved understanding of Process Mining enabled a
more detailed analysis of processtraces during the live period. At this point, the
authors became more knowledgeable in Process Mining and how to use Infor’s tool,
while Paulig contributed with process-specific knowledge to interpret findings at a
detailed level. Workshops and presentations were used to validate insights, explain
deviations and ensure a shared understanding of the results. The O2C process is
extensive and consists of several subprocesses with owners from different depart-
ments. Customer Service and Logistics play central roles, while Sales and Finance
are also involved. For this reason, the presentation sessions were important to bring
together stakeholders from different functions, as shown in table 3.1, to create a
shared understanding of the whole O2C process. They also enabled discussion of
detailed issues that are often difficult for individual roles to fully oversee.
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Table 3.1: Involved actors from each company.

Company Role

Paulig

• Head of Customer Service and Commercial Quality

• O2C Development Manager

• Head of IT - Supply Chain

• Customer Service Specialist

• Customer Service Manager CSC

• ERP Architect

• IT Solution Specialist

• Head of Logistics

• Supply Chain Development Manager - Logistics

Infor

• VP Advanced Services

• Senior Business Consultant, Advanced Services

• Consultant Process Mining

Different types of data were required to conduct the study. Quantitative data in
the form of event logs was used to discover and analyze the actual execution of
the O2C process, identify bottlenecks and measure performance. However, event
log data alone is not sufficient to explain why deviations occur or how exceptions
are handled. To bridge this gap, qualitative data from interviews, workshops and
company documentation was used to capture process logic and contextual factors
that are not visible in the system data.

Company documents, such as process maps and work instructions, represent the
intended process and serve as a reference point when comparing it with the process
models discovered through Process Mining. By combining these data sources and
methods, the study applies triangulation to strengthen the reliability and validity
of the findings. Qualitative methods support the interpretation of Process Mining
results, while quantitative analysis provides objective data-driven insights into how
the O2C process is executed in practice. The following sections describe the method
design, data collection and analysis procedures in more detail.

3.2 Data Sources
This section describes the data sources used in the study and how they form the em-
pirical basis for the subsequent analysis. Since Process Mining relies on both event
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data and contextual process knowledge, the study uses a combination of qualita-
tive and quantitative data sources. The qualitative data provides an understanding
of how the O2C process is intended to function and how it is handled, while the
quantitative data enables an objective analysis of how the process is actually exe-
cuted based on historical event logs. These data sources form the foundation for the
Process Mining analysis and the interpretation of its results.

3.2.1 Qualitative Data
Qualitative data was collected to gain a deeper understanding of the O2C process
at Paulig and to provide context for the analysis performed in the Process Mining
tool. The qualitative data was collected through interviews, workshops, company
documentation, literature review and Infor’s Process Mining courses. The material
was used both to support the analysis and to validate findings derived from the
quantitative data. Table 3.2 displays where the data is derived from and how it was
collected, including which roles participated in the different sessions. Each session
had a pre-decided purpose shared with the involved actors prior to the meetings.
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Table 3.2: Overview of data collection activities.

Data Collection
Date Participants Purpose Outcome

Interviews / Shadowing
2025-10-06 - CS Specialist Shadow the O2C pro-

cess in M3.
How an order enters
the system. How it is
planned for transport.
Common problems/de-
viations in the O2C pro-
cess.

2025-10-14 - O2C Development
Manager

Interview about the
O2C process. Aimed
to understand the
O2C and Exceptions
Management process
better.

More insights regard-
ing how an order is re-
ceived in the ERP sys-
tem, while also learning
what the most common
types of deviations are
and why they happen.

Workshops
2025-10-28 - Industrial Supervisor

- Consultant Process
Mining

Short orientation in the
tool with a consultant
to do some sanity checks
and confirm how the
tool should be used.

Ensured correct data
load and how to proceed
with the analysis.

2025-10-31 - Industrial Supervisor
- ERP Architect
- O2C Development
Manager
- Head of Customer
Service and Commer-
cial Quality

Together with Paulig
try to find interest-
ing insights and iden-
tify problems in the pro-
cesses using the Process
Mining tool.

Tested the Process Min-
ing broadly. Looked
closer into customer or-
der line charges, but
could not find any sys-
tematic issues.

2025-11-05
2025-11-07
2025-11-14

- O2C Development
Manager
- CS Specialist
- IT Solution Specialist

Look at the current
insights together in
the Process Mining
tool and try to explain
and understand the
reason for some of the
deviations. Present
three cases with unique
dashboards which were
created for each work-
shop session.

Verified Process Mining
findings and their po-
tential reasons. More
understanding about
the link between the
discovered process
and reality, and what
is defined as non-
conformance.

3.2.1.1 Semi-structured Interviews

As a first step to understand the standard administrative O2C process at Paulig,
semi-structured interviews were conducted with the Customer Service (CS) team.
The CS team is responsible for handling customer orders, creating invoices and en-
suring deliveries are fulfilled. They are therefore experienced in the O2C process,
and the standard process was mapped with their assistance and knowledge. The
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semi-structured interviews enabled follow-up questions to clarify and complement
the information gathered. This resulted in a better understanding of the standard
procedures and reduced the risk of misunderstandings.

Interviews with the CS team were conducted to be able to understand the O2C
process. The interviews were scheduled through mail contact with the Head of CS
and Commercial Quality and were held on Microsoft Teams. The first interview
was a combination of shadowing and interview questions, where a CS Specialist
showed the typical customer order management steps from order receipt to invoic-
ing. Since the study examines the various process steps in O2C, understanding the
individual steps in the ERP application is important for the later analysis of data
in the Process Mining tool. Questions were prepared based on the process maps
and working instructions that were received prior to the interview and were asked
while the CS Specialist showed the steps. Follow-up questions were asked to under-
stand the reasons for executing some of the steps. The outcome of the interview was
a better understanding of how the order flow is executed and which steps are in-
cluded. Some common problems and deviations during the process were also shared.

The second interview was conducted together with the O2C Development Manager.
It was scheduled after being in contact with the Head of CS and Commercial Qual-
ity. This interview helped understand the provided O2C process maps and order
management further, while also increasing knowledge about how exceptions are han-
dled. The interview was carried out in a similar manner, but was only conducted as
a semi-structured interview without any major shadowing. Follow-up emails were
sent afterwards for further clarification on the processes.

3.2.1.2 Workshops

During the live period of the project, a series of workshops was conducted to sup-
port the iterative analysis using the Process Mining tool. One workshop was held
together with an Infor consultant, followed by four workshops with Paulig represen-
tatives.

The initial workshop with Infor focused on verifying that the correct event log data
had been loaded into the tool and reviewing the default dashboards to ensure that
the relevant process activities were included. The second workshop concentrated
on defining appropriate filters in the Process Mining environment in order to iso-
late the coffee business. This included excluding non-coffee products such as coffee
machines, spare parts and services, focusing on the Finnish warehouses, ensuring
coverage of the correct time period and narrowing the scope to primarily manual
customer orders. This workshop was conducted with Paulig, where both an ERP
architect and process owners participated.

The last three workshops were used to identify and analyze concrete insights related
to inefficiencies and bottlenecks in the O2C process. These sessions followed a
sprint-like and iterative approach, where a set of three to five cases was prepared
between the workshops and then discussed in detail during each session. Paulig’s
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representatives contributed process-specific knowledge and used M3 to compare data
from completed customer order lines with the observed patterns in the Process
Mining tool. This made it possible to validate the findings and distinguish between
system-recorded behavior and actual process execution. After each workshop the
most relevant cases were documented for a later presentation to a broader group of
stakeholders at Paulig. For these cases, more detailed dashboards were developed to
complement the standard dashboards provided by Infor, allowing a targeted analysis
of selected issues identified during the workshops.

3.2.1.3 Presentations

Several presentations were held during the project where representatives from all
functions involved in Paulig’s O2C process participated. These sessions enabled
joint discussions regarding the findings in the Process Mining tool and the overall
process. Given the size and complexity of the O2C process, it is not feasible for a
single individual to have detailed knowledge of all aspects. Bringing together pro-
cess owners, super users and managers therefore proved valuable for developing a
shared understanding of both the overall process and specific problem areas. In the
largest session, more than 20 participants with different areas of expertise took part,
allowing both the Process Mining tool and process-specific details to be discussed.
This helped establish a clear link between the intended and actual process execution.

Alongside the sessions conducted with Paulig, the project also included several in-
ternal presentations at Meridion. These sessions functioned both as an introduction
to Infor’s Process Mining tool and as a forum for discussion, where colleagues could
share feedback. The discussions primarily addressed which parts of the O2C process
were most relevant for further analysis and helped strengthen the contextual link
between Process Mining insights and M3.

3.2.1.4 Literature Review

To get a better knowledge of the subject of Process Mining, articles from various
journals have been read and gathered in the report. This includes information
about what Process Mining is, its use applications, opportunities and limitations.
Key concepts have been included to establish a fundamental base for the study. The
sources for the theoretical framework have been critically evaluated to ensure high
academic value, and included articles from reputable journals and databases, with
authors who are experts in the field.

3.2.1.5 ERP & Process Mining Courses

To enable background knowledge and facilitate understanding of the ERP system,
training sessions were conducted together with the industrial supervisor in M3. The
purpose of the training was to increase familiarity with the system and covered
how customer orders are created, allocated, released and invoiced within the O2C
process. It also included an overview of how orders are handled in the warehouse,
including allocation logic and different allocation rules. The training supported a
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clearer understanding of how the process is executed in the ERP system.

To understand how the Process Mining tool works and is applied, courses were taken
within the field. The courses are based on Infor’s approach to Process Mining and
are part of a course package including tools for RPA and GenAI. However, since
the report only addresses Process Mining, the courses have been taken with a larger
focus on the Process Mining tool. The content of the courses included both the
background to Process Mining and its purpose, but also more practically regarding
the features of the Process Mining tool and how it is used. The courses covered all
aspects and functions of the tool, including how to define, load and analyze data.
The course package set the foundation and understanding for how the tool functions
and increased preparation for the live access period.

3.2.1.6 Documents

An important part for the success of the project was to get a good understanding of
the O2C process at Paulig. Through meetings and mail contact, relevant documents
of the process were provided by representatives from Paulig. This included process
maps of the O2C process along with work instructions for the order management
process. Representatives from Logistics provided process maps of the logistical part
of the flow. These process maps were analyzed and served as a base for the later
comparison with the actual process map, discovered from the Process Mining tool.
The user manuals and process maps enabled a better understanding of the O2C
process and how the tasks are carried out in detail.

3.2.2 Quantitative Data
Quantitative data was used to analyze the actual execution of the O2C process based
on M3 event logs. This data enabled objective measurement of process flows, cycle
times, variants and deviations. The event log data was extracted from Paulig’s ERP
system and formed the basis for discovering and analyzing the "as-is" O2C process.
Quantitative analysis allowed identifying patterns, bottlenecks and non-conforming
behavior, which were later interpreted and validated using qualitative insights from
the organization.

3.2.2.1 Event Log Data

Event log data, which is collected by the ERP system Paulig uses, was extracted
and used in the Process Mining tool. The data was collected through M3 with the
help of consultants from Infor for a duration of roughly 6 months prior to the start
of the thesis project. The event log data includes information about various actions
that users take in the ERP system such as creating sales orders, creating invoices or
changing the order quantity. The data collection is pre-configured by Infor, selecting
which activities to monitor based on the O2C process at Paulig. Access to event log
data in combination with the Process Mining tool was scheduled between weeks 44
and 48. Once access was granted, the data needed to be filtered and cleaned. An
analysis of how the data was connected to the different process steps in the O2C
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flow was carried out to understand the underlying logic and to ensure data quality
and accuracy.

3.3 Methodology for Each RQ
To answer the research questions, relevant methods have been used for each question.
In Table 3.3, the methods for answering the three research questions are displayed
to give an overview of the approach.

Table 3.3: An overview of the methodology used to answer each research question.

Research Question Methodology

How accurately do pre-defined
process models reflect actual O2C
processes?

- Process Mining tool with provided event
log data

- Process Mining courses
- Provided process map documents
- Interviews and shadowing

Which inefficiencies and bottle-
necks in the O2C process can be
identified through Process Min-
ing?

- Process Mining tool with provided event
log data

- Interviews and workshops

What are the opportunities and
limitations associated with the
application of Process Mining
tools in organizational process
analysis?

- Process Mining literature
- Working in the tool
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3.4 Live Access Period
The following section presents the approach to the Process Mining tool during the
live access period. It covers how the tool was configured, used and what delimitations
and inputs were needed in order to analyze Paulig’s data. Access to the tool was
granted for a duration of 5 weeks.

3.4.1 Start-up & Prerequisites
Various formal requirements were needed in order to gain access to the Process
Mining tool. The provisioning of the tool required coordination between all involved
actors. Infor activated the module for the tool in Paulig’s system, hence access to
Paulig’s M3 environment was also needed. After this was in place, access to enter
the Process Mining tool in Paulig’s environment was made possible.

3.4.2 Delimitations
In order to conduct a more focused study, certain delimitations had to be made based
on input from Paulig. For example, due to the company’s recent transition to M3,
the full O2C process was not operational until the start of June 2025. At the start of
the live access period, which was at the end of October 2025, it was also decided to
only include full months of data. Therefore, the end date range of the data was set
to the end of October 2025. Through the interviews and workshop sessions that were
conducted with the O2C Development Manager, it was also recommended to only
look at a selection of warehouses and order types. Their main in-house warehouse
is designated as A01, and their main third-party logistics (3PL) warehouses are
designated as A04 and A06. These three warehouses were in focus for the analysis.
Furthermore, since the main focus was on the manual flow, the order type MAN was
used as it involved the highest level of manual tasks. In the discovered process, a
return flow is included. In this study however, this flow was not examined in detail
as the number of cases was relatively limited. Additionally, to enable a focused and
comparable study, the focus was solely on coffee products, not coffee machines or
spare parts.

3.4.3 Loading Data
Paulig’s data had already been logged by Infor, meaning it was already ready to be
loaded into the tool. However, some circumstances had to be taken into account in
order to load more accurate and relevant data. The first consideration was the date
range of the data. It was known from communication with Paulig that the ERP
system is new for the company, and was at the time of this thesis being successively
adopted throughout the organization. For this case study, data has been logged
since the start of Spring 2025, meaning that data points from the test period was
included in the initial load as well. Therefore, even though the start date could be
set in 2024 in the tool, it was decided and instructed by an Infor consultant to set
the start date on Mar 1st and end date on September 30th in order to cover the
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most relevant data. After a short period of working in the tool and receiving new
information from Paulig’s O2C Development Manager, this date range was changed
to Jun 1st - Oct 31st to cover more recent and relevant data.

3.4.4 Filtering Data
The data can be displayed in several ways in the Process Mining tool. The tool
offers the filtering options stated in Table 3.4. These filters can be applied either on
a global level, regional (tab) level or local (widget) level. If the filters are applied
on a global level, it will be applied to all tabs on the page. If the filters are applied
on a specific tab, all widgets and tools under that tab will have those filters applied.
Filters applied to individual widgets will only affect those widgets. This means that
a page can display different data visualizations with separate filters.

Table 3.4: Available filters in Infor’s Process Mining tool.

Available Filters Description

Attribute Select cases based on column values (OrderType,
Warehouse, CustomerName etc.).

Event Select cases including or excluding certain activities
(Customer Order Created, Picking Performed etc.)

Process Flow
Select cases with specific flow. Ensures cases include an
event and a consecutive event, either followed directly,

eventually or not at all.
Flow Start & End Select cases that start and/or end with a specific event.

Predefined Metrics Select cases with specific predefined metrics (e.g.
conforming/non-conforming cases).

Date Range Select cases with first event timestamp in date range.

Case Cycle Time Select cases where the duration of the case cycle time is
faster/slower than a defined period of time.

Events Cycle Time Select cases where the duration between two events is
faster/slower than a defined period of time.

Filtering the provided data is critical to facilitate a comparable analysis. As pre-
viously mentioned, defining the date range is the base for the entire analysis. This
ensures the same data is being analyzed and that the Paulig’s O2C process after
their transition is fully in place by not setting a too early start date. In Table 3.5,
the base case filters used in the project are shown, including the date range, order
type, warehouses and defined start and end events. The start and end events are
set to ensure that only full O2C cycles are included in the analysis.
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Table 3.5: Base case filters.

Filter Set Value
Date Range June 1st - October 31st
Order Type MAN (manual)
Warehouses A01, A04, A06

Event Start & End Customer Order Created –> Payment Received

3.4.5 Working in the Tool
The analysis in the Process Mining tool followed an iterative and exploratory ap-
proach, where the level of detail was gradually increased as understanding of both
the data and the process improved. Since a large amount of information is available
in the tool, the analysis was initially conducted on a high level to gain an overall
understanding of the O2C process execution.

In the first phase, the analysis focused on general process indicators such as overall
KPI:s, number of cases, number of variants and average cycle times. The overall pro-
cess flow was also examined using visualizations such as the process map, spaghetti
bowl view and the most common paths. Both conformant and non-conformant
flows were reviewed. The purpose of this initial analysis was to understand the "as-
is" process and to verify whether the data-driven process model corresponded with
the understanding obtained from interviews and standard process maps.

After this initial validation, the analysis became more exploratory. Different tabs
and views in the insights section of the tool were examined, and various filters were
applied to observe how the process behavior changed under different conditions.
This included drilling down into specific cases and event sequences to better un-
derstand deviations and patterns observed at a higher level. Particular attention
was given to activities related to customer order handling and manual interventions.
Events such as manually changed quantities or delivery dates, blocked orders and
other manual adjustments were identified and analyzed. These activities were de-
fined as non-conforming and the frequency and context in which they occurred were
examined to understand why they happened and how they affected process perfor-
mance.

An analysis of the cycle times was also performed during the study. Including the
Payment Received event added several weeks to the overall case duration due to
varying payment terms. To allow for a more meaningful comparison of operational
performance, the analysis was therefore divided into two parts. This consisted of
a full cycle view, covering the events from Customer Order Created to Payment
Received and an operational cycle view, covering the events from Customer Order
Created to Customer Order Line Invoice Processed. This separation made it possible
to distinguish between operational inefficiencies and inefficiencies across the whole
flow. To support this analysis, the data model was extended by adding attributes
to the customer order line level. This included attributes such as Payment Term
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and Reason Code, which were not initially available. The Payment Term attribute
was used to compare Invoice-to-Payment cycle times and to assess how well actual
payment behavior conformed to the agreed terms.

As workshops with Paulig were conducted and process understanding improved,
more precise and relevant filters could be applied. The analysis was narrowed down
to specific order types, with a focus on manual orders, as well as relevant date ranges
starting from the point when the ERP system was fully operational. Additionally,
the analysis was limited to selected warehouses in Finland that were considered most
relevant for the study. With these filters in place, the analysis became more focused,
allowing for detailed examination of selected cases and deviations. Particularly
interesting cases were documented and for some of these, individual dashboards
were created within the tool to visualize the findings more clearly and enable easier
comparison between scenarios.

3.5 Reliability & Validity
Reliability concerns the consistency and stability of the data and the extent to which
the same findings would be obtained if the study were repeated under similar con-
ditions [32]. For the qualitative part of the study, reliability is influenced by the
scope of interviews and observations. Only one CS representative was interviewed
in depth, and only one full shadowing session was conducted. Interviewing addi-
tional CS representatives could have provided a broader perspective and increased
the robustness of the qualitative findings. Warehouse-related activities were primar-
ily analyzed through Process Mining and workshops, rather than through individual
interviews with logistics personnel. Although logistics representatives participated
in some workshops, the lack of dedicated interviews limits the level of detail re-
garding warehouse operations. This led to a stronger focus on order handling and
administrative activities compared to physical warehouse processes.

To strengthen reliability, similar questions and observations were discussed with mul-
tiple participants during workshops. This allowed recurring issues to be compared
across different roles and functions, reducing the risk that findings were based on
isolated opinions or individual interpretations. However, many examples discussed
during interviews and workshops referred to past cases. This introduces a risk of
recall bias, since it can be difficult to remember details accurately over time.

For the quantitative data, the event logs were generated automatically by the ERP
system prior to the start of the project. The authors did not participate in the data
collection process, which limits the ability to verify data accuracy at a technical
level. Nevertheless, the overall structure and content of the data were reviewed to-
gether with the CS team and was considered reasonable and representative of actual
process behavior.

Validity refers to whether the study measures what it intends to measure and
whether the findings meaningfully reflect the real processes under investigation [32].
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Face validity was supported by close collaboration with Paulig employees. The
pre-defined process models, identified deviations and interpreted bottlenecks were
reviewed and discussed with process owners and operational staff, who confirmed
that the results aligned well with their experience of the O2C process. This aligns
with the concept of face validity, where expert judgment is used to assess whether
the measurements appear reasonable and relevant [32].

At the same time, validity is affected by data scope limitations. Only events recorded
within the ERP system were available for analysis. Activities performed outside the
system are not captured in the event logs. These missing elements may explain
certain deviations or delays observed in the data. The qualitative methods were
therefore essential to contextualize the quantitative findings and reduce the risk of
misinterpretation.

3.6 Use of AI tools
In line with current recommendations for transparency in academic research, this
thesis made limited use of the AI tool ChatGPT, developed by OpenAI. The tool was
used solely as a support during the writing process to refine language, improve sen-
tence clarity and enhance the overall structure and readability of the text. ChatGPT
was not used to generate content, empirical material, analyses or conclusions. All
conceptual, analytical and substantive work presented in this thesis was produced
by the authors. The authors also take full responsibility for the accuracy, coherence
and integrity of the final text, including all revisions made with the support of AI.
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This chapter presents the empirical data used in the study. It introduces Infor’s
approach to Process Mining and how the tool is positioned in relation to other
analytical solutions on the market. Based on interviews and shadowing sessions
conducted with Paulig’s process owners, a conceptual understanding of the com-
pany’s O2C process was developed, with a primary focus on the standard order flow
and exception management. The chapter concludes with an initial overview of how
Paulig’s actual O2C process appears in the Process Mining tool.

4.1 Infor
Infor is a global enterprise software provider offering business applications for more
or less all industries. The company has several ERP systems, where M3 is one of the
most widely adopted in northern Europe. M3 supports core operational processes
such as order management, procurement and production [33].

4.1.1 Infor’s Process Mining Approach
Infor has expanded its portfolio in recent years with advanced analytics and automa-
tion capabilities. One of these additions is a Process Mining tool, which together
with RPA and GenAI forms Infor Velocity Suite [34]. Within this package, the Pro-
cess Mining component provides the diagnostic foundation that enables automation
and optimization initiatives.

Since Infor provides both the ERP system and the Process Mining application, the
event logs generated in M3 are directly integrated into the analytical environment.
This leads to several advantages:

• The event logs follow a consistent structure.
• Data objects and process maps are pre-defined, enabling simple and automatic

matching to the event logs.
• Analysis and visualization occur within the same ecosystem.

This speeds up the setup and reduces the complexity of gathering data for customers
whose processes mainly run in M3. Event logs from other systems can also be added,
but it requires more preparation to make the data fit the M3 structure. Process
Mining within Infor Velocity Suite corresponds to the backward-looking Process
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Mining described in the theoretical background part of the report.

4.1.2 Pre-defined Process Maps
Infor uses an Industry Process Catalog (IPC), which is a pre-configured set of
industry-specific process maps that includes the Food & Beverage sector [35]. These
maps serve as pre-defined BPMN models for Process Mining and outline the typical
workflows expected in each industry. Since the maps are designed to suit many
different companies within the same sector, they remain relatively general and may
include steps that are not used by every organization. They are therefore intended
to be scaled down and adapted to better represent the customer’s operations. To
support this customization, Infor categorizes process activities into three groups:

• Core activities: Standard activities that most companies in the industry
use. They can be applied as they are and make the implementation fast and
straightforward.

• Differentiator activities: Activities that are common but need small ad-
justments to fit the customer’s way of working. They require some extra time
and effort to set up.

• Unique activities: Activities that are specific to one company and do not
follow industry norms. They need their own tailored solution and take even
more time to implement.

The advantage of this structure is that most parts of the workflow can be analyzed
with minimal setup since the process is relatively standardized, while still allowing
company-specific steps to be added if that level of detail is needed.

4.1.3 Standard Dashboards
Infor’s Process Mining tool includes a set of standard dashboards that give a gen-
eral overview of the process and support backward-looking Process Mining. These
dashboards make it possible to compare processes between warehouses, item groups
and other attributes. The dashboards also include common KPI:s such as cycle
times. As a starting point, they help users quickly understand how the process
works and indicate where deviations occur. Since these dashboards are designed to
be applicable for a wide range of companies within the Food & Beverage industry,
they are intentionally generic and aim to cover common process patterns rather
than company-specific details. As a result, they offer limited depth when it comes
to identifying more specific challenges in the process. Their role is therefore not to
provide final answers but to guide attention toward areas that may require further
investigation.

Some standard views are useful as a starting point for a deeper analysis. The event
list makes it possible to identify the most frequent non-conforming events, while pro-
cess discovery illustrates how activities are connected and how different execution
paths emerge in practice. These views provide an initial understanding of where
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inefficiencies or unexpected behavior may be present.

The main value of the tool is realized when the insights from the standard dash-
boards are used as input to create more detailed dashboards. These custom analyses
allow a closer focus on specific subprocesses, customer groups and operational con-
ditions that are relevant to the organization. Examples of such custom dashboards
and the motivation behind them are presented in Chapter 6 about bottlenecks and
inefficiencies, where the analysis moves from high level observations to more detailed
and actionable insights.

4.1.4 Comparison to Other Process Mining Approaches
Most Process Mining tools on the market are designed to work independently of
any specific ERP system. This means that process models are typically built from
scratch and the event data is gathered from multiple information systems [36]. For
these tools to function, all data must be mapped, cleaned and transformed into
a common structure, which often requires a considerable amount of preparation.
The benefit of this approach is flexibility, since organizations can include data from
many systems and create highly customized process models that reflect their full
end-to-end workflows. The downside is that merging data from various systems of-
ten extends the implementation time.

Infor’s approach differs from most other Process Mining solutions by focusing on
efficiency within the M3 environment. Because the underlying data structure is
already defined, insights can be produced quickly with relatively little setup. This
advantage depends on how much of the customer’s process actually runs inside
M3. When organizations use additional systems or have many company-specific
activities, extra work is required to prepare external data so it can be analyzed
together with the events extracted from M3.
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4.2 O2C Process Flow Chart
This section presents a conceptual description of the O2C process flow in Paulig’s
operations in Finland and the Baltics. Figure 4.1 displays Infor’s pre-defined O2C
reference model, which is designed to be representative of typical O2C processes
within the Food & Beverage sector. This reference model serves as the baseline
against which Paulig’s actual process execution is later compared in the analysis.

Figure 4.1: Infor’s pre-defined O2C process for the Food & Beverage industry.

The reference model is divided into four swimlanes. The upper one represents the
initial order handling activities performed by the CS team. The two middle swim-
lanes illustrate activities typically carried out by the Logistics function, while the
bottom field relates to invoicing activities performed either by the CS team or the
Finance department.

The pre-defined model consists of a main flow and a return flow. In the context
of Paulig’s coffee business, customer returns occur very rarely and were therefore
excluded from the scope of this study. The main flow represents the standard order
process, describing how customer order lines are intended to progress when orders
are executed according to defined procedures and no changes are made to delivery
dates, quantities, or similar parameters after order creation. This standard flow is
largely automated. When changes do occur, they are handled through exception
management routines, which are generally not automated and require manual in-
tervention. It is primarily within these exception-handling situations that Process
Mining can be used to identify inefficiencies and bottlenecks in the process.

4.2.1 Standard Order Process
This section describes how customer orders are received and handled at Paulig. The
information presented is primarily gathered from the interviews, shadowing and
workshops with the CS representative and O2C Development Manager.
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The interviews showed that almost all orders are received into the ERP application
automatically through an integration with another application. In this case, Paulig
and their customers use an EDI application where the orders are entered by the
customer and then sent to Paulig’s ERP system. Some orders are sent from the
customers by email, which could include Excel- or PDF-files. These are in turn
automatically scanned with another tool and sent to the ERP system, where the
corresponding customer order is created.

If all details in the order are correct, such as delivery date, quantity and item number,
the order is released for picking by the CS representative to one of the warehouses.
This is usually done one day before the orders are scheduled to be dispatched. The
goods are then picked, packed and prepared for delivery. The CS representative
plans the transportation for each order through different booking portals, based on
which carrier is used, and a pickup is booked the day after picking. For many cus-
tomers, the shipments are also booked or pre-advised in their own portals. Every
order is checked with the Sales team, who then verify and confirms the order to CS,
allowing them to release it. For example, Sales verifies that the customers do not
order too much in relation to what has been forecasted. The Sales department does
not have access to M3 and can therefore not perform any order changes. Instead,
they need to communicate changes to the CS representative who then updates the
orders accordingly if needed. The communication regarding orders between CS and
Sales is mostly done by sending the customer order as a PDF by email to the Sales
team, who then checks the order and later confirms it to the CS department.

The transports to the Baltics are booked by the CS team in Estonia, with approxi-
mately one day delivery time to Estonia and two days delivery time to Latvia and
Lithuania. Depending on the destination of the goods, different carriers are used.
After shipment, the order is automatically invoiced through another EDI system.
The status of the invoices can be seen in M3. Invoices are either sent as electronic
invoices or as PDF invoices by email. Usually, the invoices are not checked by the CS
representative, since this is an automatic process and should not be necessary. Some
customers also request a so-called CMR, which is an established document used for
road transport and is printed through the ERP system. What differentiates the CS
team in Estonia from other CS teams is that they handle transportation and claims
as well, while the other CS teams only handle customer orders.

4.2.2 Exception Management
In this section, the deviations and exceptions during the standard order process will
be presented. One of the first errors that occurs in the order flow is during the
EDI transfer to the ERP system. Some orders receive an error status, which could
be caused by for example a customer putting an incorrect order date. Orders may
also go to error because of missing customer master data, missing item codes or not
sufficient stock of an item. During the interviews, some issues related to specific
customers were also highlighted. For example, when an attempt to change an al-
ready created order was made, it resulted in an error in the system.
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The CS representative explained that Available-to-Promise (ATP) checks are not
routinely performed. ATP refers to the process of verifying whether sufficient in-
ventory or production capacity is available to fulfill a customer order within the
requested timeframe. In cases involving exceptionally large order volumes, the Sales
team notifies the Forecasting team to assess feasibility. If an order deviates signif-
icantly from typical order quantities, either by being unusually large or unusually
small, the Sales team may request the customer to adjust the ordered quantity ac-
cordingly. Such situations occur infrequently. When an order cannot be fulfilled in
the requested quantity, it is either partially reduced or fully cancelled, and backo-
rders are not created.

A specific exception which the CS representative encounters when handling the cus-
tomer orders is that certain items have the wrong packing or item code when they
enter the ERP system for some customers. For some reason, the customer cannot
place the correct item code when sending the order. To handle this, the CS rep-
resentative needs to manually change the item code every time this specific item
is ordered. The background to the problem is that the item enters the system in
a single-piece format, even though it should be in a half-pallet format. The CS
representative handles the issue by copying the order line, changing the item code
and then deleting the original order line.

With regard to pricing during campaigns, prices are generally communicated ac-
curately by the Sales team. However, there have been instances in which the CS
representative have needed to adjust prices on certain orders prior to the start of
a campaign, for example due to calculation errors. To mitigate such issues, the
CS representative reviews and verifies all prices in advance whenever a campaign is
scheduled, ensuring that pricing information is accurate before implementation.

As previously described, the majority of the invoicing process is automated. A
current issue in the EDI system however prevents invoices from being correctly
transmitted to customers in Latvia and Lithuania. To address this issue, the CS
representative manually prints the invoices from M3 and sends them via email. Some
customers may request PDF copies of invoices, for instance if the original invoice
has been misplaced or due to other administrative issues. These requests are also
handled manually via email. The CS representative reports that certain customers
have specific requirements regarding the information included on the invoice. For
example, some customers request a preliminary text containing details such as the
number of pallets included in the order. Although this information is typically al-
ready provided on the delivery note that accompanies the physical shipment, some
customers also request it to be included on the invoice. The underlying rationale
for this request remains unclear.

According to the O2C Development Manager, most inquiries and complaints from
customers are received by email, while some are received in the ERP system. If there
is no stock for an order, it will appear as an alert in M3, notifying the user that
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the order cannot be fulfilled. The same logic is applied if there is no suitable stock
available, such as customer requirements on Best Before Date (BBD) not being met.
In these cases, the customer is contacted to see if they decide to continue with the
order or cancel it.

Customer claims are currently managed through the Issue Management Portal (IMP),
a module within M3 primarily intended for handling quality-related issues. Some
entities also use the IMP to register transport-related claims. As a result, the sys-
tem is currently used for multiple purposes. In the future, the intended approach is
to limit the use of the IMP exclusively to quality-related claims. Transport-related
issues, including failed deliveries and other non-conformances not associated with
product quality, are planned to be managed through alternative processes outside
the IMP.

The most common types of exceptions and reasons for claims at Paulig are the fol-
lowing:

• Wrong item
• Picking error
• Wrong BBD
• Customer rejections
• Customer returns
• Pricing error
• Missing discount on invoice
• EDI failure

There have been instances in which customers initially accept an order but later
return it. In such cases, the underlying reason for the return is not immediately
apparent and requires further investigation in collaboration with relevant depart-
ments, such as warehousing, transportation or quality assurance. Some exceptions
are related to pricing discrepancies, including incorrect invoice pricing or the ab-
sence of agreed discounts.

Paulig currently uses two systems to receive customer orders, which work in different
ways. The first system receives orders through emails with PDF:s, scanning them
and sending the data to M3. The second system receives the orders through EDI,
which are then sent to M3. The usage of each system varies between geographical
regions. The UK and Belgium use the first system more frequently, since the cus-
tomer base consists of smaller wholesalers. For the Baltics, the EDI system is used
to a larger extent. During the interview with the CS representative, it appeared
that some orders go into error in the EDI order system. The O2C Development
Manager was not aware of this situation and the cause for it, as the interviewee
lacked experience in that particular system. Nevertheless, it was mentioned that
there may be several causes for orders going into error:
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• No price setup
• Wrong delivery date
• Exceeded credit limit
• Master data issues

As previously mentioned, it appeared that the O2C Development Manager was not
aware of CS daily interaction with Sales to confirm orders. The O2C Development
Manager stated that they were not aware of the extent of constant contact with the
Sales team on every order, describing this level of interaction as slightly alarming.
They were aware that Sales was contacted during promotions to verify stock avail-
ability and manage call-offs for specific quantities, but not for confirming regular
orders.

Regarding transportation charges, the payment responsibility often depends on the
agreement and Incoterms. This includes terms such as DAP (Delivery at Place)
or EXW (Ex Works), with approximately 90% of Paulig’s business applying DAP,
meaning the selling company pays for the transportation. These charges are gener-
ally included in the product price and are not frequently added to the orders. While
service charges might be added manually as an exception, in this case about 10% of
the time, charges are often automated and can be pre-set in the customer setup in
the ERP application.

The use of full trucks is prevalent in Finland and Estonia. In contrast, the UK
sees much fewer full trucks, as some customers only order 1, 2 or 3 pallets. These
smaller UK orders are often grouped together into bulk shipments going to similar
geographic areas, functioning like a "milk run". For exports, grouping deliveries is
standard practice. Orders destined for Latvia and Lithuania are typically consoli-
dated and leave on Friday for a delivery on Monday, and UK exports to Ireland are
consolidated to leave on Thursday for a delivery on Monday. The mechanism for
ATP and BBD checks is currently undergoing enhancement within the ERP system.
For items produced in the UK, the ATP check is currently managed by a 3PL using
various external tools. The goal within M3 is to use an ATP tool that flags orders
that cannot be fulfilled, although current functionality lacks adequate notifications
to the workspace or email. The BBD requirement is managed by the ATP tool,
which flags issues if the available stock does not meet the customer’s BBD require-
ment, such as requiring stock with 50% or 182 days remaining of expected BBD. CS
is instructed to check this tool multiple times a day. If flagged, CS must take action,
such as canceling part of the order. This could occur if for example 200 items are
available instead of 300, otherwise the customer needs to be contacted to secure ac-
ceptance of stock with a slightly shorter BBD. Regular ATP issues are identified via
order statuses. For example, if an order remains in status 22 (reserved) in M3 and
has not been allocated 5 days before the delivery date, it indicates a stock issue that
requires investigation. CS must then check the material plan or contact production
or supply planners to determine if stock will be available before loading.

The interval for receipt of customer orders is generally between two to five days be-
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fore shipping. The standard procedure requires orders to be released to the 3PL or
warehouse two working days before delivery. While the standard is preparation two
days before delivery, export customers may require more time, occasionally up to a
week before shipping. Regarding forecasts, the system relies on weekly forecasts used
by production. All coffee products are generally handled as Make-to-Stock (MTS).
Stock levels are often high for products with a long shelf-life, though managing stock
for short shelf-life is considered more complicated. Should stock shortages occur,
there are established rules dictating how products are allocated to customers. For
campaigns, there is a requirement for customers to commit to a certain quantity
through sales. Campaigns, such as those involving special Mother’s Day packaging,
occurring four times per year, are typically limited to a specific time period and
stock quantity until they are sold out.

4.3 Process Mining Findings
In this chapter the discoveries from using Infor’s Process Mining tool will be pre-
sented. Based on the methodology and previous setup and decided parameters,
the cases are shown in various visualizations and formats. The displayed data is
the result of using the base case filters, which includes the date range, order type,
warehouses and defined start and end events. The first visualizations shown are
suggestions or standard layouts by Infor, acting as an example of how the data can
be displayed. These may not be relevant or sufficient for all companies, depend-
ing on the scope of interest. However, the tool supports creating own insights and
visualizations, further adapting it to the user’s needs and enables a more detailed
analysis. These insights have been created and will be showcased later in the results.
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4.3.1 First Overview

The first visualization that appears when entering the insights, shown in figure 4.2,
is the Overview tab. This tab includes information regarding how many cases are
present, cycle times, number of events and variants, order amount and number of
customers. The order amount and cycle time are censored for integrity purposes.
The result of the base case filters shows that 6,740 cases are available to analyze,
with a mean end-to-end cycle time of roughly a month. The number of events
logged is a total of 192,090, meaning that each case consists of almost 30 activities
on average.

Figure 4.2: The first overview in the Process Mining tool.

4.3.2 Discovered Process Flow

The Process Discovery tab displays the most common conformant path of events in
a similar manner to the later described Process Variants tab. The main difference
is that, instead of selecting specific variants to display, the visualization can be
controlled by specifying the proportion of total events to include and the number of
connections to show between events. In Figure 4.3, these parameters are set to their
maximum values, resulting in a visualization that includes the largest number of
events and connections, often referred to as a "spaghetti bowl". This representation
shows the complexity of the processes and provides information on which activities
occur in practice and to what extent.
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Figure 4.3: A spaghetti bowl of Paulig’s processes, showing all events and
connections.

4.3.3 Process Variants
In Figure 4.4, the 15 most common conformant paths of events for the O2C process
at Paulig are shown. In this example, there are 2,081 cases out of the 6,740 that
follow one of the paths to the left. Almost all of these variants are not unique
processes in the sense that they follow different events, but instead include all the
events of the most common path but with a variation of the ordering. There is one
variant that has an additional event that includes Pick List Line Created, which is
not present in the other variants.
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Figure 4.4: The most common conformant case including the top 15 process
variants.

4.3.4 Conformance & Non-conformance
In the Conformance Analysis tab, the different paths that each variant takes through-
out the O2C process are displayed. In Figure 4.5, the most common conformant
case is shown. There are 69 cases out of the 365 conformant cases that follow this
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exact path between Customer Order Created and Payment Received. The visualiza-
tion not only shows in which order the activities occur, but also the average time
between activities, in practice indicating how much time an activity takes to be
performed.

Figure 4.5: The most common conformant case.

Out of the 6,740 total cases, 6,375 cases are marked as non-conformant. Cases are
defined as non-conformant when they include events that are not part of the standard
pre-defined process map. Usually these are unwanted events that should indicate
some kind of error or deviation. In Figure 4.6, the most common non-conformant
case is displayed. 481 cases follow this exact path and deviate because of the Due
Date Passed event, which shows that the receivables invoice has not been paid on
time.

Figure 4.6: The most common non-conformant case.

The Due Date Passed non-conformant event is analyzed further in chapter 6, where
it emerges that this discrepancy is not cause for any major concern.
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5
Pre-defined Process Model vs

Actual

This chapter presents the results and discussion related to the first research ques-
tion. To remind the reader, the question investigated is the following:

RQ1: How accurately do pre-defined process models reflect actual O2C processes?

The analysis focuses on how well Infor’s pre-defined reference process model repre-
sents the actual execution of the O2C process at Paulig. The findings are structured
around the backward-looking Process Mining techniques, with primary emphasis on
process discovery and conformance checking. Process discovery is used to examine
whether the overall structure and sequence of activities captured by the tool align
with the observed O2C flow, while conformance checking is applied to assess devi-
ations between the reference model and actual process behavior. These techniques
provide insight into the strengths and limitations of using a standardized reference
model as the basis for analyzing real organizational processes.

5.1 Process Discovery
The process discovery analysis compares the pre-defined Food & Beverage O2C
reference model with the actual process execution in Paulig’s ERP system. The
focus is on identifying similarities and differences between the standard flow and real
behavior, providing an initial assessment of how well the reference model represents
the actual O2C process, highlighting similarities and differences.

5.1.1 Similarities
Overall, the process discovery functionality reflects the actual O2C process at Paulig
with a relatively high degree of accuracy. The tool provides a clear overview of the
activities recorded in the database and can be seen as a direct representation of
what is executed in the ERP system. The discovered end-to-end flow aligns well
with Paulig’s defined O2C process, starting from customer order creation and con-
tinuing through logistics and shipping to invoicing. Most of the relevant activities
in the O2C process are included, together with important attributes such as order
numbers, order types and customer names. Attributes that are not included by
default can be added when needed. In this study, the attribute Reason Code was
added to better understand why certain changes were made during the process. It
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was however not entirely successful at this stage, but the function remains relevant.

In several concrete examples, the discovered process clearly reflected how users actu-
ally work in the ERP system. One such example was the repeated change of delivery
dates by a CS representative for a specific customer. This behavior could be observed
directly in the tool, indicating that the discovered model accurately captures recur-
ring manual interventions and does not only reflect the intended or designed process.

The analysis of the most common process variants further supports the view that
the O2C process at Paulig is relatively standardized. The fifteen most frequent vari-
ants were very similar to each other, with differences mainly related to the sequence
of activities rather than their content. These differences can largely be explained
by warehouse operations being logged in different orders across warehouses. Given
that a large part of the O2C flow is automated, the similarity between variants is
not unexpected. However, it was also observed that even a simple change in the
order of two events results in a new variant, despite the overall process remaining es-
sentially the same. This can make the interpretation of variants somewhat confusing.

One notable observation is that the activity Pick List Line Created does not appear
among the most common variants until variant fifteen. From a logical perspective,
this activity should occur for every order, which raises questions about why it is
missing from the earlier variants. This issue was not examined in detail in the study
and therefore no definitive explanation can be provided. One possible explanation
could be that pick lists are often released at the order header level rather than at the
line level, which may affect how the event is recorded and shown in the discovered
variants. Another reason could be an issue in the tracking of events, or possibly a
failed auto-release of orders leading to a pick list not being created.

Some limitations and inconsistencies were also identified in the discovered process.
For example, certain logistics activities appeared as loops, such as Packing Per-
formed occurring multiple times within the same case. Due to limited knowledge of
the detailed warehouse operations, it was not possible to verify whether this behav-
ior reflects actual practice. One potential explanation could be that picking for a
single order line is carried out in multiple warehouses with split quantities. Another
observed issue was that some events appeared in a logically incorrect order, such as
charges being added to a customer order line before the line itself was created. This
seems to be caused by events occurring exactly at the same time and then being
sorted alphabetically by the tool. While such issues may reduce precision at the
event level, they do not significantly affect the overall understanding of the process
or the comparison between the pre-defined process model and the actual execution
of the O2C process.

5.1.2 Discovered Differences
Despite the strong alignment between the discovered process and the standard O2C
flow, several important differences were identified when looking more closely at how
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the process is actually executed. One of the significant differences emerged from
the interviews rather than from the Process Mining results. The CS representative
described that they consistently need to interact with the Sales department for every
customer order in order to have it confirmed and validated. In practice, this often
involves sending the order confirmation to Sales for review before continuing the
process. This interaction could not be identified in the discovered process model,
as it is not recorded as an event in M3. This finding highlights a clear limitation of
Process Mining, namely that it can only capture activities that leave a digital trace
in the system, which is further described in Chapter 7. Certain parts of the process,
especially informal coordination and communication between departments, remain
invisible and can only be uncovered through interviews or observations. What makes
this finding particularly interesting is that neither the O2C Development Manager
nor the Head of CS and Commercial Quality were aware that this validation step
was taking place. According to them, this way of working should not be necessary
and represents an unnecessary manual step in the process, which explains their sur-
prise when it was described by the CS representatives.

One potential way to make this order validation with Sales visible in the Process
Mining tool would be to log the event Print CO Confirmation, as this action often
precedes the interaction with Sales. However, even then it would still be difficult to
determine why the confirmation was printed and what happened to it afterwards,
since it could be printed for other reasons as well. More importantly, this approach
requires prior knowledge of the deviation in order to configure the tool accordingly.
This partly undermines the purpose of using Process Mining as an exploratory tech-
nique, since the intention is to discover deviations from the standard process rather
than to pre-define what should be monitored.

Another important difference concerns the scope of the data that was available for
the analysis. The Process Mining study was limited to data from Paulig’s M3,
meaning that only activities executed within this system could be included. As a
result, the full O2C process is not captured. Several activities are performed outside
the ERP system such as transport bookings, which are handled in separate external
portals. Based on the shadowing session with the CS representative, these transport
related activities account for a substantial share of the total processing time. The
pre-defined process model does not capture this and information about this part of
this process is therefore lost. Different transport booking portals are used depending
on country and customer, which means that this part of the process is not standard-
ized. These variations do not appear in the discovered process model, and without
integrating data from the external portals, Process Mining tools cannot be used
to analyze these activities. Understanding this part of the process instead requires
more traditional methods in the form of interviews, shadowing or additional system
integrations. This further illustrates how differences between the pre-defined O2C
process and the actual execution are not always visible in Process Mining results,
even when the core system based flow appears to match the standard model closely.

Further differences between the pre-defined O2C process and the discovered process
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can be identified when comparing the process maps and working instructions pro-
vided by Paulig with the process model generated by the tool. Several activities
described in these documents do not appear in the discovered process. The main
reason for this is that the corresponding events are not logged in the system. As
discussed earlier, this applies to all activities that do not trigger a change in the
underlying database and therefore do not leave a digital footprint that can be cap-
tured by Process Mining. Even if such activities were technically possible to include,
they might still not appear frequently in the discovered process. Credit checks are
one example of this. According to the CS representative, credit checks are generally
not performed in their daily work. Due to the limitations of the available data,
this part of the process could therefore not be analyzed. A similar situation applies
to ATP checks, which were also reported to be used only occasionally, mainly for
larger or less common orders. Within the coffee business, this approach is gener-
ally considered sufficient, as demand is relatively stable and products are MTS. As
a result, strict use of credit limits and ATP checks is not seen as critical in this
context. This does not necessarily apply to all parts of Paulig’s portfolio. During
the interview with the O2C Development Manager, it was noted that ATP checks
are more important for certain products with shorter BBD:s. This illustrates that
the relevance of specific activities in the O2C process can vary between brands and
product categories. It is also important to note that the process manuals and work-
ing instructions are written at a relatively generic level and are intended to cover all
Paulig brands, which may explain why some described activities are not commonly
observed in the discovered process for the coffee business.

Another source of discrepancy between the discovered process and the logical un-
derstanding of the O2C flow concerns event timing. Several activities in the process
maps are logged as having a duration of zero seconds. One example is the Cus-
tomer Order Line Created event, which often appears to occur at the same time as
the Charge Added on Customer Order Line event. From a logical perspective, the
order line should be created before a charge can be added, and the simultaneous
timestamps therefore cause some confusion when interpreting the process model.
Similar timing issues were observed in the logistics part of the process, where mul-
tiple events also appear with zero second delays. One possible explanation is that
these events are automatically triggered in rapid succession once an initial event
occurs, causing them to be recorded with identical timestamps. As the logistics flow
was not examined in detail in this study, no definitive explanation can be provided.
The presence of 3PL providers further increases the complexity of this part of the
process. These providers operate their own WMS, meaning that large parts of the
logistics flow take place outside Paulig’s ERP system and are therefore not visible
in the Process Mining analysis. As a result, the discovered O2C process is further
narrowed when it comes to logistics activities, reducing transparency in this part of
the flow. Despite this limitation, it appears that certain key events related to the
3PL:s can still be captured, such as Pick List Line Created and Goods Issued From
Warehouse. While this provides some visibility into the start and end of the logistics
flow, the detailed execution in between remains outside the scope of the discovered
process model.
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5.2 Conformance Checking

Conformance checking and interviews were used to assess how well the pre-defined
reference process model reflects the actual execution of the O2C process. As de-
scribed in both the theoretical and empirical parts, a pre-defined reference model
is not always the starting point in Process Mining studies. In this project, the
pre-defined BPMN based reference model was used without modifications when
comparing the observed process flow with the expected one. Activities classified
as non-conforming were also pre-defined in the tool and not adjusted during the
project, even though such customization is technically possible.

The pre-defined reference model and its classification of conforming and non-conforming
activities were reviewed together with representatives from Paulig’s CS function.
This review showed strong alignment between the reference model and how the pro-
cess is understood and managed in practice. Activities such as delivery date changes,
item changes and quantity changes were confirmed to represent deviations from the
intended standard flow and were therefore considered appropriate candidates for
conformance analysis.

After the live period and access to the Process Mining tool had ended, it became
clear that a useful extension of the analysis would have been to distinguish whether
the identified deviations were driven by customer behavior or by internal conditions
at Paulig. The Reason Code attribute that was available in the event data could
potentially have been used to support such a separation. By grouping deviations
based on whether a change was triggered by a customer modification or by internal
constraints such as insufficient inventory, a better understanding of the underlying
causes could have been achieved. If deviations were found to originate mainly from
customers, this would open up possibilities for targeted communication or guid-
ance toward those customers. If the causes were internal, the findings could instead
support improvements related to forecasting accuracy, inventory availability and
planning of the physical flow. This type of segmentation was not explored within
the scope of this project, but it represents a relevant direction for future studies,
especially since the necessary data is logged in the ERP system.

The analysis also revealed that some non-conforming events should be interpreted
with caution, as they may represent false negatives rather than true process devia-
tions. Events such as CO Line Delivered (Incomplete) and Delivery Line Deleted are
automatically classified as non-conforming when an order line is split across multi-
ple warehouses. This behavior is a consequence of how the ERP system reallocates
quantities when a split occurs, which leads to changes in order line quantities and
the creation or deletion of delivery lines. In these cases, the non-conforming classi-
fication reflects technical system behavior rather than an operational problem, and
the context of the event is important for correct interpretation.
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5.3 Main Findings
The pre-defined Food & Beverage reference process model provides a clear represen-
tation of the overall structure of Paulig’s O2C process, capturing the main activities
and their expected sequence from order creation to payment. This supports the view
of O2C as a standardized end-to-end process and confirms its suitability for analysis
using Process Mining based on event data from information systems. From Infor’s
perspective, the activities captured in the reference model primarily represent core
process elements described in Chapter 4.1.2. These activities are common across
organizations and largely supported by standard M3 functionality. While this is
sufficient for an initial analysis and high-level process understanding, a real-world
improvement project would likely require the inclusion of differentiator and poten-
tially unique activities, such as transport bookings and triggers for the ATP and
credit checks to cover more important parts of the O2C process.

A considerable number of variations can be observed in how the process is executed
in practice. Additional or missing activities, rework loops and alternative execution
paths appear that are not included in the reference model. These deviations fol-
low recurring patterns rather than representing isolated exceptions and are largely
linked to operational realities such as exception handling and manual interventions,
particularly in the early administrative stages of the process. Some non-conforming
cases should therefore be interpreted as expressions of process complexity rather
than incorrect execution.

While the reference process model serves well as an initial baseline for understand-
ing the O2C process, it does not fully capture the actual process behavior. A
more complete representation requires that the reference model is complemented
with contextual knowledge from process owners to cover all necessary activities.
This highlights the role of backward-looking Process Mining as a diagnostic tool
for bridging the gap between documented processes and real execution. From the
3P perspective mentioned in Chapter 2.3.6, this finding illustrates that even when
the process structure and supporting technology are in place, the people dimension
remains essential for interpreting deviations and understanding why certain execu-
tion patterns occur. Increased transparency through Process Mining makes such
deviations visible, but meaningful insights depend on combining this transparency
with domain expertise to distinguish between acceptable process variations and true
non-conformance.

53



6
Bottlenecks & Inefficiencies

This chapter presents the result and discussion related to the second research ques-
tion. To remind the reader, the question investigated is the following:

RQ2: Which inefficiencies and bottlenecks in the O2C process can be identified
through Process Mining?

The findings are divided into two parts. The first part covers the challenges that
Paulig’s CS department described during the interviews and shadowing sessions,
which were later examined in the Process Mining tool. The second part focuses on
some key cycle times in the O2C process and how they are affected by bottlenecks
and inefficiencies. These analyses build on the backward-looking Process Mining
techniques described in the theoretical framework, with main focus on conformance
checking, performance analysis and comparative Process Mining.

6.1 Validating Operational Issues
This section presents the findings related to the operational issues described by
Paulig during interviews and shadowing sessions. These issues were examined using
Infor’s Process Mining solution to determine whether they appear systematically in
the event data and how they affect the O2C process.

6.1.1 Initial Order Handling
As described earlier, Paulig has implemented an EDI based order intake to auto-
mate the creation and validation of incoming orders. This integration aims to reduce
repetitive manual work and optimize the early stages of the O2C process. Since such
a solution requires both investment and configuration, manual interventions in these
steps create a double negative impact in the form of non-value adding activities and
wasting the potential of the automated solution.

The shadowing sessions revealed that incomplete or inaccurate master data for cer-
tain customers caused recurring exceptions in the initial order handling. Incorrect
articles were occasionally loaded into the ERP system and delivery dates were con-
sistently scheduled one day too early. Although the manual corrections themselves
are relatively quick to perform, they introduce several risks. CS representatives may
overlook hidden errors because the system does not generate any warnings, meaning

54



6. Bottlenecks & Inefficiencies

that staff rely on experience to know which customers or products are typically af-
fected by these errors. If a correction is missed, downstream issues may occur. This
may lead to shipments containing the wrong product or to poor KPI performance
related to delivery accuracy, even when Paulig follows the agreed commercial terms.
Customer orders may also remain blocked until the missing information is resolved,
delaying the progression of the process and increasing cycle time.

To investigate these issues, a set of customers with recurring problems were examined
in the Process Mining tool. Figure 6.1 illustrates one of these customers.

Figure 6.1: Most common events for Customer B.

Looking at the most common non-conforming events for Customer B, the analy-
sis shows that the event Confirmed Delivery Date Changed appears in all 66 cases.
This indicates a systematic error that repeatedly triggers unnecessary work due to
incorrect master data. This customer represents only one example and similar issues
likely exist in the master data of other customers. If recurring errors of this kind
are widespread, they can result in a considerable amount of unnecessary manual
work throughout the O2C process. The Process Mining tool makes these patterns
visible by applying backward-looking techniques, clearly showing where master data
quality can be improved. This transparency highlights opportunities to strengthen
the underlying data in M3 to reduce the non value-adding activities for the CS team
and enable the EDI integrations to be used more effectively.

Customer B also demonstrates a second recurring pattern connected to the event
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Price Changed. In roughly 20% of all cases, the price on order lines was updated
after the customer had placed the order. This suggests that incorrect or outdated
prices were stored in the system during order intake. These discrepancies require
manual corrections, both by updating the price lists in the ERP system and by
informing the affected customer about the adjusted price. As with the earlier issues,
this results in avoidable administrative work and reinforces the need for improved
master data so that orders can be processed correctly from the beginning.

These findings were identified through a combination of conformance checking and
comparative Process Mining. Conformance checking was used to filter out events
that deviated from Paulig’s intended standard flow, which made it possible to detect
both the recurring date changes and the price adjustments as undesired activities
in the case of Customer B. After this, comparative Process Mining was applied to
assess the scope of the issue. First, the behavior of Customer B was compared with
Customer A and Customer C, as illustrated in Figure 6.2 and Figure 6.3 below,
to see whether similar deviations occurred for other customers as well. A second
comparison was then carried out over time for Customer B alone, confirming that
these problems had been present consistently rather than being isolated incidents.

Figure 6.2: Most common events for
Customer A.

Figure 6.3: Most common events for
Customer C.

As seen in the event lists above, neither date changes nor price changes appear as
deviations for Customer A or Customer C. This indicates that the issue is specific
to Customer B and is related to a local master data problem rather than a broader
process-wide challenge.
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6.1.2 Logistics
In this project, Warehouse A01, A04 and A06 were included in the scope. Ware-
house A01 is operated by Paulig, while Warehouse A04 and A06 are run by 3PL
partners. Approximately 70% of all order lines are picked at Warehouse A01, and
the remaining volume is distributed fairly evenly between the two 3PL warehouses.

During the workshops in the Process Mining tool, the events CO Line Delivered
(Incomplete) and Delivery Line Deleted stood out as surprisingly frequent across all
three warehouses. Through conformance checking, these activities were flagged as
non-conforming because they deviate from the intended O2C flow. Discussions with
Paulig’s O2C Development Manager clarified that such deviations arise when an
order line must be split between two or more warehouses or completely reassigned
to another location for picking. Figure 6.4, Figure 6.5 and Figure 6.6 present an
overview of the most common events for the order lines linked to each warehouse.

Figure 6.4: Most common events for
Warehouse A01.

Figure 6.5: Most common events for
Warehouse A06.

The event logs show that a large share of orders are affected by these deviations.
Across the three warehouses, close to one fifth of all order lines are either split or
moved between warehouses. Performance analysis also indicates that these reassign-
ments add extra handling steps that can extend cycle times and reduce transport
efficiency. When an order is divided between warehouses, the shipments cannot be
consolidated into a single truck since the warehouses are located in different places.
This reduces fill rates and can lead to several transports instead of one. The reasons
behind these reassignments are typically insufficient stock at the originally planned
warehouse or the need to prioritize products with short best before dates or special
packaging. These re-allocations do not appear at the moment of allocation in M3
but become visible later in the flow when the delivery lines are created.
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Figure 6.6: Most common events for Warehouse A04.

One result that stood out is the unusually high share of non-conforming events
at Warehouse A04. Despite discussions with Paulig representatives and reviews of
historical orders in M3, the exact cause could not be fully understood. A likely
explanation is that the event logs reflect a pattern where many order lines are first
allocated to Warehouse A01 before they are reassigned to Warehouse A04. This
would mean that only a small number of lines are directly allocated to Warehouse
A04, which causes reallocation events to appear very frequently. A comparison with
Warehouse A06 supports this interpretation, since it does not show the same pat-
tern and seems to receive direct allocations in a more consistent way. Comparative
analysis therefore strengthens the conclusion that the high number of deviations at
Warehouse A04 is linked to how allocations are managed rather than to operational
behavior at the warehouse itself.

This analysis shows how Process Mining helps make the real warehouse flow easier
to understand. Even when only ERP events are analyzed, the method provides a
transparent view of how order handling actually works in practice. In this case, the
results show that order splitting is far more common than expected, which affects
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both cost efficiency and environmental impact because additional transports are
needed. The findings give concrete insights into how warehouse allocation and stock
distribution influence logistics performance. They also illustrate that Process Mining
can reveal operational challenges in the physical supply chain, not only inefficiencies
in administrative work.

6.2 Cycle Times

Analyzing cycle times provides a clearer understanding of how non-conforming
events affect different parts of the O2C process. The purpose of examining cy-
cle times is to quantify to what extent deviating events influence the total lead time
of the process. By breaking the end-to-end process into smaller subprocesses it be-
comes easier to identify where bottlenecks occur and to understand where targeted
improvements are likely to have the greatest effect. This also helps organizations
allocate resources more effectively in order to reduce delays and inefficiencies.

To enable a fair comparison, the whole O2C process was divided into two subpro-
cesses. The first subprocess is referred to as the operational cycle and covers the
period from Customer Order Created to Customer Invoice Processed. The second
subprocess is referred to as the Invoice-to-Payment cycle and covers the period from
Customer Invoice Processed to Payment Received. This separation is necessary since
payment terms differ between customers and would otherwise distort comparisons
of total cycle time.

6.2.1 Operational Cycle Time

The operational part of the O2C process was relevant for closer analysis because
Paulig aims to deliver products to customers within two to three days after order
creation. This target is supported by a make-to-stock strategy, where products are
held in inventory and production is based on forecasts rather than individual or-
ders. Customer order quantities are later aligned with these forecasts to regulate
availability.

The analysis focused on how non-conforming events influence the duration of the
operational flow. While the most frequent deviations were discussed in the previous
section, their impact on cycle time had not previously been quantified. By comparing
cases that follow the intended process flow with cases that include deviations, a
clear difference emerges. As shown in Figure 6.7 and Figure 6.8, cases without
deviations complete the operational subprocess in approximately two and a half days
on average. Cases affected by one or more deviations take roughly three additional
days.
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Figure 6.7: Example of conformant case.

Figure 6.8: Example of non-conformant case.

Discussions with Paulig indicate that delays of this magnitude rarely cause direct
negative effects for customers under normal conditions. The impact becomes more
significant during promotional periods or when orders involve special packaging re-
lated to specific events or seasons. Deviations also affect earlier stages of the flow.
Transport plans may need to be adjusted on short notice and additional warehouse
activities can be introduced when changes occur close to the planned dispatch date.
These findings highlight future potential for forward-looking and action-oriented
Process Mining. Historical insights from backward-looking analysis can form the
basis for early warnings when certain events occur. This would allow responsible
functions to react quickly and adjust plans before delays escalate further.

If additional subprocesses had been analyzed, more insights could likely have been
identified. One example is the period from order creation to allocation, which ben-
efits from being as long as possible in order to support production planning, trans-
port coordination and warehouse allocation. Once production is completed, the
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remaining steps should instead be executed as quickly as possible to convert fin-
ished goods into cash. Despite these limitations, the analysis confirms that Process
Mining provides strong support for identifying bottlenecks and inefficiencies and for
understanding how non-conforming events affect the operational cycle time.

6.2.2 Invoice-to-Payment Cycle Time
As shown in earlier figures, the non-conforming event Due Date Passed appears
frequently across both customers and warehouses. To better understand this pat-
tern, a dedicated dashboard was created in the Process Mining tool with focus on
the Invoice-to-Payment subprocess. The results show that payments are received
approximately two days later than their respective due date on average. This pat-
tern was consistent regardless of which payment terms the customer had. Further
analysis suggests that these delays are largely explained by practical factors such
as additional bank days. The delay seems to be relatively stable across payment
terms, being approximately around two days. The deviation is therefore not consid-
ered significant from a financial perspective and can be seen as a false negative.

This example illustrates a structured way of working with Process Mining. The
initial indication of a potential issue emerged during the process discovery phase.
A broader comparison across customers and warehouses showed that the devia-
tion occurred consistently, which motivated a more focused analysis. By isolating
the Invoice-to-Payment subprocess and using payment terms as a segmentation at-
tribute, the issue could be assessed independently of the operational flow. So even
though no major issues were identified in the Invoice-to-Payment process in this
case, the analysis illustrates how a potential deviation identified at a high level can
be broken down and examined in more detail. This approach makes it possible to
validate whether an observed pattern represents a real problem or simply reflects
structural characteristics of the process, and demonstrates how Process Mining can
be used to move from overview to detailed investigation when needed.

6.3 Main Findings
Recurring master data issues emerge as a central source of bottlenecks in the O2C
process, particularly in the early administrative stages. As described in Chapter
2.1, accurate master data is essential for standardized and efficient order handling,
as errors typically lead to rework and increased administrative effort. The empirical
findings support this view, as manual adjustments to order lines such as changes
to delivery dates and prices introduce non-value-adding work for CS and increase
process variability. From a Process Mining perspective, these activities appear as de-
viations from the reference process and are identified through conformance checking.

Differences in execution performance are further explained in Chapter 2.3.5.1 on per-
formance analysis, which uses event log timestamps to measure cycle times. Cases
containing non-conforming events were found to have longer average cycle times
than conforming flows, confirming theoretical expectations that deviations nega-
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tively affect process performance. Comparative Process Mining also proved useful,
as described in the literature, by enabling comparisons across customers and ware-
houses. This made it possible to identify that several deviations were systematically
linked to specific customers and warehouses rather than the general process design.

The findings reflect limitations highlighted in Process Mining literature, namely
that event logs show what has happened but not why it has happened. Some
non-conforming events were therefore identified as false negatives, where deviations
were caused by how the ERP system technically records order splitting rather than
by actual inefficiencies. The combined use of conformance checking, performance
analysis and comparative Process Mining thus provided a diagnostic understanding
of bottlenecks in both administrative activities and the physical flow of goods, while
underscoring the need for contextual interpretation.
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7
Opportunities & Limitations

In the following chapter, the third research question will be answered and discussed.
As a reminder, the question is the following:

RQ3: What are the opportunities and limitations associated with the application
of Process Mining tools in organizational process analysis?

When moving from the accuracy of discovered processes to the broader application
of Process Mining, several opportunities and limitations can be identified. The
subchapters aim to answer what opportunities and limitations there are with Process
Mining tools in organizational process analysis. Many of the insights are from
working in Infor’s tool provided in the project and may be specific to this case,
but many findings can be brought to a more general level as well.

7.1 Opportunities
One clear opportunity is the overall usability of the Process Mining tool. The tool
was relatively easy to use and did not require extensive prior knowledge to get
started. The basic functionality could be learned quickly, making it accessible even
for users without a technical background in process analysis. This simplicity was
particularly evident during presentations and workshops where the process models
were shared with different stakeholders. The visualizations were intuitive and the
audience was generally able to follow and understand what was being shown without
requiring detailed explanations. This makes Process Mining a useful communica-
tion tool as it allows complex process behavior to be presented in a way that is
understandable for both operational and managerial roles.

7.1.1 RPA & GenAI
Since Process Mining is used to diagnose processes and find inefficiencies, the next
logical step is to find solutions for these. RPA has the potential to improve and
solve inefficiences in processes. In this study, many tasks were found which could
be automated. For example as earlier described, a CS representative had to change
the delivery date on 66 out of 66 order lines for a certain customer due to master
data issues. RPA could potentially be implemented to identify cases like these and
suggest possible solutions. This directly relates to action-oriented Process Mining,
where analytical insights are turned into actions to support processes. In the case
of delivery date changes, RPA could detect and recommend a change in the order or
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in the master data. Another issue that was encountered by CS is that orders have
incorrect information when they enter the system through EDI, and need manual
handling every time. RPM has potential to alert supervisors and users when it de-
tects such deviations and suggest a fix.

The value of removing a manual change can be discussed. If it is only necessary in
few cases for a single employee, the value is very limited, but if it is a systematic
issue across several markets or divisions the value is more significant. The improve-
ment not only saves time, but also prevents orders from being blocked and not being
able to continue in the process flow, or even worse, continuing through the process
with inaccurate information.

Paulig has already implemented other automated solutions in their O2C process,
such as orders being received through EDI and automated invoicing. Therefore,
RPA may be more suitable for companies that do not already have similar auto-
mated solutions implemented. It is worth mentioning that these automated solutions
rely on external applications that require integrations, while the RPA module, pro-
vided in the same package as Process Mining for this study, is already integrated
into the Infor’s environment.

As GenAI progresses, forward-looking Process Mining becomes more relevant. It can
be used to help analyze results, but a large utility case would be to, for example,
predict the next activity in a process flow. In theory, by seeing that a certain non-
conformant event happens for example, it could be possible to predict what happens
after. Perhaps it leads to another non-conformant event or manual intervention, and
the additional time this would take could be predicted. Even though AI and Digital
Twins could play an important role in future Process Mining, an important take
from this study is that the tool has value in itself. It gives the opportunity to map
processes, create a cohesive and united view in the company and improve workflows
by finding and reducing inefficiencies.

7.1.2 Findings & Fast Time-to-Value
The Process Mining tool showed that it could provide value quickly, as it was pos-
sible to get an overview of the actual process flow within a few days without much
initial setup. The discovered flows give a general picture of how the process behaves
in reality and can help identify some early bottlenecks and deviations. These find-
ings are useful as a starting point for improvement discussions and for linking the
process to existing KPI:s and dashboards. Since historic data was available, it also
became possible to compare how the process has changed over time and to monitor
whether improvement efforts have an effect. For organizations that already have a
manually documented process model, Process Mining can be used to check whether
the pre-defined or intended model reflects what actually happens in the system. In
this case, differences and unexpected paths can be detected, which may reveal parts
of the process that were previously unnoticed. At the same time, the approach is
beneficial for companies that do not have a defined process map, as the tool can
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quickly generate a visual representation of the actual workflow with relatively little
effort required from the users. It is also possible to look more closely at special cases
such as return flows, which helps highlight behaviours that do not necessarily ap-
pear in a high-level model. This shows that Process Mining can deliver meaningful
insights early on and serve as a foundation for both exploratory analysis and more
structured improvement work.

The Process Mining tool can be used to potentially detect systematic flaws in the
processes. This could for example include customers repeatedly not paying on time,
activities where the process tends to stop, customers changing quantities or dates
often or using many different warehouses, all of which can suggest an unoptimized
flow and underlying issues. Apart from detecting flaws that were not previously
apparent, Process Mining can be used for verifying issues you already know about,
but want to analyze further in a data-driven way. To bring up the case with CS
again when they had to change the delivery date every time for a certain customer,
this information from the interview could be verified in the Process Mining tool
by filtering on that specific customer and thereby seeing the non-conformant event
associated with this. This was just one specific case and could be used to verify and,
most importantly, quantify other issues as well to see the extent of the problem.

Another opportunity with Process Mining is the ability to follow up continuous
improvement in an administrative environment. If a period of data is analyzed and
gives certain insights, initiatives can be made and then followed up later to see what
has changed and improved, especially when it comes to following up on, for example
KPI:s. Perhaps it can be discovered that someone is doing a task really well, which
could be valuable to improve workflows and apply this way of working throughout
the function. In contrast to this, Process Mining creates the opportunity and a
foundation to implement better routines and user manuals to processes with many
deviations and inefficiencies. By filtering on certain customers for example, it is
possible to see which customers are the most problematic and if certain deviations
are recurring for them specifically. This study focuses on the O2C cycle, but it could
also be extended to look at the procurement side and oversee and follow up KPI:s
with suppliers as well in a similar way.

7.1.3 Additional Functionalities
Infor’s tool includes a pre-defined O2C process map, which fit the actual process
quite well. But the tool also enables creating own process maps, or adjusting the
pre-defined ones, which is quite easy to do. This is a benefit if an organization has
more unique processes that are not mapped in the standard flow. Most other Pro-
cess Mining tools require starting from scratch and integrating these process maps
with the data, but the tool that was used in the study made it very simple to create
them and connect each activity in the process to the event logs through the so called
"auto-map" function. Furthermore, if an organization, like Paulig, wants to move
towards more harmonization and alignment in standard processes, this could be a
good tool to create and set these standards and follow up over time. In Paulig’s
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case it is clear that the same O2C process is different between brands. ATP, allo-
cation and the return flow look different in the UK compared to Finland, which is
largely due to the differences in the products they deliver. Apart from creating and
configuring own process maps, Infor’s Process Mining tool also allows creating own
dashboards and visualizations to show targeted insights. This is great if a company
has its own KPI:s that they wish to track or make certain comparisons between for
example warehouses, product groups or order types.

All events and attributes were already pre-configured for the Process Mining, but
with that said it is not particularly difficult to add own attributes and events to
analyze. In this study, Reason Code was added as an attribute as an attempt to get
a better understanding of why a customer order line is deleted for example. This
attribute was commonly used in the day-to-day processes in M3, hence why it was
interesting to examine in the Process Mining tool. It was not fully successful in this
case due to reason codes missing for many order lines, and all types of reason codes
were not included either. Nonetheless, this proves that the ability to add additional
relevant attributes is possible, which is beneficial when further details are needed
for the analysis. To add to this, data can also be retrieved from other systems into
the ERP system, but requires more work, for example integrating the ERP system
with the transport booking portals.

7.2 Limitations
While the tool is easy to use at the surface level, performing a meaningful analysis
requires an understanding of both the underlying data and the business process it-
self. Without knowing where to start, which filters to apply or which questions to
ask, there is a risk of either overlooking important insights or drawing misleading
conclusions. This suggests that although Process Mining tools lower the entry bar-
rier for process analysis, they still require domain knowledge and analytical skills in
order to be used effectively in an organizational context.

7.2.1 General Limitations
A core limitation of Process Mining is what data is available to analyze. If the
data for the process that is examined is not available in the data lake, an analysis
is not possible. While most activities in Paulig’s O2C process occur in M3, some
of the process falls outside. For example, after an order is allocated, the transport
is booked through an external application. This means that this particular step
cannot be analyzed in the Process Mining tool and transparency is reduced, since
these data points and events are not logged. This also applies to for example, emails
and other types of communication internally in the company. Covering every part
of the process, especially one that involves many different systems, is complex and
requires more effort to integrate data and give a holistic view. Furthermore, only
performed changes or actions trigger a change in the database, meaning a user has
to for example change an order quantity for this to be logged. Only opening and
viewing an order is not logged, which also reduces transparency in what is hap-
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pening in the actual workflow. To present a more relevant case, just viewing the
credit limit for a customer will not create an event log, unless some sort of button
is added where the user has to confirm the credit check has been performed. With
this said it is worth noting that too much transparency and details might be over-
whelming, and finding a balance and knowing what is important to include is crucial.

Another limitation with event logs is that in order for them to be accurate, they
need to occur at the same time as the activity happens in reality. This becomes
apparent in logistical steps. For example, if an order is packed and placed ready
for dispatch on a location in the warehouse but not marked in the system that it is
ready until the truck arrives, this will signal a discrepancy and show that the goods
were ready just before dispatch, even though they may have been ready for several
hours. It is therefore important that real-life events match the events logged in the
system and that timestamps reflect reality.

In the Process Mining tool used in this study, a limitation on the total number of
cases was present at 350k, meaning a maximum number of 350k order lines could
be loaded. For the data used in this study, it was more than enough but for some
companies with larger volumes this may be a limitation and not suitable.

7.2.2 Finding Reasons for Non-conformances
A major limitation with Process Mining analysis is that it is difficult to find the
reason for non-conformances and inefficiencies found. In one of the first few cases
that were examined, which was related to customer order line charges being added
on roughly 90% of all order lines, it initially looked like an inefficiency. Since the
Charge Added to CO Line event had an average time on it, it was assumed that
this might be done manually, which raised the question of inefficiency since it did
not seem ideal to need to do this on every order line. Furthermore, a few thousand
order lines had missing charges on them, raising questions if this was intentional or
something systematically wrong. It was later found out during one of the workshops
with Paulig and through sample tests, meaning the logs of some order lines were
checked in the M3, that the missing charges are due to internal transactions in the
company, or due to certain products such as spare parts. In these cases, charges
are not added. When it comes to all the other order lines that have charges, these
are done automatically by the system, which was more reasonable but at the same
time confusing since there was a delay between the order line being created and the
charge being added to it. Therefore, it can be difficult to draw premature conclu-
sions if you do not have background knowledge about the processes.

Another event in which the reasons were difficult to pinpoint was with respect to the
quantity and date changes in the customer order lines. In these cases, information
is lacking regarding why the changes were made, and if they were made because of
internal reasons or because the customer requested it. Deeper analysis is therefore
required to find root causes for these cases, necessitating checking individual order
logs or emails for example. In many cases, it was also often needed to complement
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with information from users and process owners, to understand the displayed data
in the tool and enable better interpretation. In practice, however, users will likely
already have the process knowledge. If you do not know how the software works,
such as the ERP system or Process Mining tool, and lack background process knowl-
edge, this will be a limitation and information needs to be complemented.

Apart from not knowing the reasons for the activities happening, another limitation
is that some cases that seem to be inefficient or non-conformant are in reality func-
tioning as they should. Usually most orders are received two days before shipment,
but for some special items, the orders are placed weeks before and not picked and
packed until right before shipment. This may present a false negative and appear
as something is wrong when compared to the more standard products, although in
reality it needs to be considered that certain articles take longer time and that it
is an upside that the orders are received earlier, in order to make room for plan-
ning. Another discovered example was when customer order lines are deleted. This
appears as a non-conformance, but when Paulig was asked about this, it emerged
that a majority of these order lines are placed for a certain warehouse originally but
moved to another one later, hence deleting the line from the previous warehouse.

Overall, it can be difficult to immediately try to look for bottlenecks when opening
the first overview in the Process Mining tool. It is a good idea to have a plan on
how to proceed and what to look at, and potentially have a hypothesis. Even with
a plan, it may be difficult to interpret and act on results from Process Mining. The
problem needs to be verified and understood, and can be acted on only after this is
done.

7.3 Main Findings
The application of Process Mining shows several benefits related to process trans-
parency and data-driven analysis. By using existing ERP data, it is possible to
quickly create an objective overview of complex end-to-end processes, which sup-
ports discussions based on facts rather than perceptions as explained in Chapter
2.3.2. Visualizing how processes actually operate helps stakeholders from different
parts of the organization to analyze the same process and develop a shared under-
standing of how work is carried out in practice.

Recurring inefficiencies, deviations and rework loops can be identified with rela-
tively short time-to-value, which highlights the usefulness of backward-looking Pro-
cess Mining as a foundation for continuous improvement initiatives. The findings
also indicate that Process Mining can facilitate process standardization and harmo-
nization efforts, particularly in the context of ERP transformations. In addition,
insights from administrative process analysis can point to tasks suitable for automa-
tion, including rule-based activities and RPA, and may also provide indications of
inefficiencies in physical logistics flows when supported by relevant event data.

Several limitations affect how Process Mining results should be interpreted and ap-
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plied. The analysis is highly dependent on the availability, completeness and quality
of event log data, meaning that activities performed outside the ERP system remain
invisible. While Process Mining provides detailed insight into what happens in a
process, it offers limited explanations of why deviations occur without complemen-
tary qualitative input. Interpretation therefore requires domain knowledge to avoid
oversimplification or incorrect conclusions.

As the analysis is primarily backward-looking, additional techniques are required to
support predictive decision-making. Simulation and digital twin approaches can po-
tentially be seen as a complement to Process Mining, enabling organizations to test
future scenarios in a controlled environment. By using process models grounded
in real execution data, a digital twin of a process could support “what-if” anal-
yses when onboarding new brands, adjusting process configurations or evaluating
the impact of system changes before deployment. Such test environments, closely
reflecting actual operations, may reduce implementation risks and support more in-
formed decision-making during ERP migrations and process redesign efforts. This
perspective remains speculative and has not been validated through practical imple-
mentation, but it highlights a possible future direction for Process Mining beyond
its current backward-looking use.
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8
Conclusion

This chapter concludes the thesis by summarizing the main findings from the appli-
cation of Process Mining in the O2C process. It presents practical recommendations
and general guidelines derived from the project experience as well as reflections on
ethical and societal aspects related to the use of Process Mining in an industrial
context. The chapter also outlines potential future research areas based on the
limitations and insights identified in the study.

8.1 Summary of Findings
This study explored how Process Mining can be applied to understand and improve
the O2C process in practice using Paulig as a case company and Infor’s Process Min-
ing solution as the analytical tool. The results show that the pre-defined process
model provides a solid and accurate representation of the actual O2C flow on a gen-
eral level. The pre-defined reference model enabled a rapid initial understanding of
Paulig’s administrative processes and allowed insights to be generated with limited
setup effort. This confirms that a pre-defined approach supports fast onboarding
and early value creation, particularly when core processes are largely executed within
the ERP system. The pre-defined process maps and generic dashboards worked well
as an entry point for analysis, providing a clear overview of the O2C process and
common deviations. However, the main analytical value emerged when these stan-
dard views were used as a basis for creating more focused dashboards tailored to
specific questions. This confirms that Process Mining tools are not standalone so-
lutions but rather analytical environments that require active exploration, iteration
and contextual understanding to deliver meaningful insights.

The backward-looking Process Mining techniques proved effective in identifying both
inefficiencies in administrative work and weaknesses in the physical flow of goods.
Event logs provided an objective view of what happened in the process, making
it possible to verify issues described during interviews and shadowing sessions. At
the same time, the analysis confirmed that event data alone cannot explain why
activities occur. This underlines the importance of combining Process Mining with
domain knowledge in order to correctly interpret findings and avoid misleading con-
clusions. In this case, the combination of quantitative event data and qualitative
insights was essential for understanding root causes and assessing whether devia-
tions represented real problems or normal process behavior.
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The study also shows that Process Mining forms a strong foundation for future
automation initiatives. The backward-looking analysis clearly highlights repetitive
manual activities and systematic errors, such as recurring master data issues, which
represent low-hanging fruit for RPA or rule-based automation. Although Paulig is
already far along in its automation journey, the results suggest that further value
may lie not in automating more tasks, but in optimizing existing automation and
improving data quality. In organizations earlier in their digital maturity, the same
insights could have an even greater impact. In addition, the study confirms that
Process Mining can play an important role in harmonization efforts. For organi-
zations like Paulig, which operate across multiple countries and brands, Process
Mining provides a data-driven way to understand how processes actually differ and
where standardization efforts should be focused. By making processes visible and
comparable, the tool supports informed decision-making and continuous improve-
ment.

8.2 Recommendations & Guidelines
This section presents practical recommendations derived from the project experience
and discusses how Process Mining can be applied in a structured and effective way.
It also reflects on ethical and social considerations that should be addressed when
using Process Mining as a diagnostic and improvement tool.

8.2.1 Learnings
This project provided the opportunity to act as early users of Infor’s Process Mining
solution. However, the recommendations presented in this section are intentionally
kept general and are applicable regardless of the specific Process Mining vendor or
tool used.

Process Mining is still relatively new in industrial practice, and there are currently
no widely accepted standards or best practices for how these tools should be applied
in practice. One reason for this is that organizations differ significantly in terms
of data availability and process complexity. As a result, Process Mining initiatives
must be adapted to the specific context in which they are applied rather than follow-
ing a single pre-defined methodology. A key general recommendation is to begin the
analysis at a broad level. During the initial phase of this project, there was a ten-
dency to focus too early on individual cases or specific deviations. A more effective
approach is to first analyze the process at an aggregated level to identify recurring
patterns and systematic challenges. Even at this high level, Process Mining can
reveal potential issues that quickly provide valuable input for further discussions
and deeper analysis.

It is also important to understand that Process Mining tools should not be used
in isolation. Quantitative insights derived from event data must be complemented
with qualitative methods such as interviews and workshops. These activities are
essential both for configuring the analysis environment correctly and for interpret-
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ing the results in a meaningful way. Without process knowledge from domain ex-
perts, there is a risk of misinterpreting deviations or drawing incorrect conclusions
from the data. Broad involvement across the organization is also recommended.
Engaging many stakeholders reduces uncertainty and concern about monitoring
or control while simultaneously enriching the analysis with multiple perspectives.
Transparency around the purpose of the initiative and open communication about
findings help build trust and acceptance.

Early in the project, it is critical to define a clear purpose and scope and to apply
appropriate filters based on these objectives. This helps isolate the relevant data for
analysis and prevents unnecessary complexity. For large and cross-functional pro-
cesses such as O2C, involvement from multiple subprocess owners is required. At
least one representative from each key function should participate in setting filters,
validating process maps, and discussing analytical results to ensure that findings are
grounded in operational reality.

Another important lesson is the need for caution when interpreting early results.
Initial findings can easily appear more significant than they actually are. This
project showed the importance of remaining humble in the analysis and continuously
validating insights through dialogue with process experts. Process Mining tools are
generally user-friendly and offer strong support for creating custom dashboards.
Users are encouraged to develop their own dashboards tailored to specific KPI:s or
subprocesses of interest. This makes it easier to monitor performance over time
and supports structured continuous improvement initiatives rather than one time
analyses. It is also advisable to start with a smaller pilot focused on a specific process
or subprocess. In retrospect, the scope of the project with Paulig was relatively broad
given the limited initial familiarity with both the organization’s processes and the
Process Mining tool itself. A narrower pilot can reduce complexity and create a
stronger foundation for scaling Process Mining initiatives over time.

8.2.2 Ethical & Societal Aspects
This thesis has examined Process Mining as a diagnostic tool for identifying im-
provement opportunities such as deviations and master data issues in administra-
tive processes. The analysis has also shown how Process Mining tools can be used
in a similar way to business intelligence solutions, for example to monitor KPI:s
and support continuous improvement initiatives. At the same time, the application
of Process Mining raises a number of ethical and social questions that need to be
addressed before organizations decide to invest in and scale such tools.

One important concern relates to employee integrity and perceptions of monitoring.
Since Process Mining relies on event logs generated from daily work in information
systems, employees may experience that their actions are being closely observed or
evaluated. This can create a feeling of surveillance, particularly if insights are pre-
sented at a very detailed level or used to assess individual performance. There is
also a risk that Process Mining is perceived as questioning professional judgment,
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as employees may feel that their expertise and experience is being replaced by au-
tomated analysis.

Such perceptions can influence behavior in unintended ways. Employees may become
more risk-averse and hesitant to experiment with new ways of solving tasks if de-
viations from standard processes are automatically highlighted as non-conforming.
This can limit learning, innovation and personal development, especially in roles
where flexibility and problem-solving are important. To avoid these effects, it is
crucial that Process Mining is positioned as a support tool for improvement rather
than a control mechanism for individual behavior. Transparency about the purpose
of the analysis and how insights will be used is therefore essential.

Another ethical dimension concerns automation and its impact on work roles. Pro-
cess Mining is often used to identify subprocesses or activities that are sufficiently
standardized to be automated or further optimized. As a consequence, some manual
tasks may be reduced or eliminated. This can raise concerns about job security if
the freed-up time is not redirected toward other value-creating activities. At the
same time, there is a societal responsibility to ensure that efficiency gains translate
into upskilling, role development and more meaningful work rather than workforce
reduction alone. With efficiency as a guiding principle, Process Mining can en-
able the automation of routine and repetitive tasks. This reduces the share of
monotonous work and allows employees to focus on more stimulating, complex and
value-creating activities. Over time, this shift has the potential to increase job sat-
isfaction, strengthen expertise and support innovation, both within organizations
and in society at large. When implemented with clear ethical guidelines, employee
involvement and a focus on learning rather than control, Process Mining can there-
fore act as an enabler of sustainable and socially responsible process improvement.

In the case of Paulig, the organization is already far ahead in its automation journey,
with large parts of the initial order handling and invoicing processes automated
through EDI and system integrations. The findings of this study indicate that
there is still significant value in maintaining human involvement in administrative
processes. Human checkpoints support communication with customers, help resolve
exceptions and contribute contextual understanding that cannot easily be captured
in system data alone. This balance between automation and human oversight is
important to preserve both process quality and employee engagement.

8.3 Future Research
The work presented in this thesis shows that backward-looking Process Mining can
be applied across a wide range of processes and organizational settings. Similar
analyses could be carried out in other business processes beyond O2C, as well as
in environments with different levels of complexity and stability. Studying pro-
cesses with higher variability than MTS, such as make-to-order or less standardized
workflows, could provide a deeper understanding of how deviations should be in-
terpreted when processes are less predictable. There is also potential to apply the

73



8. Conclusion

same approach across different departments, functions or locations within the same
organization in order to better understand how local practices and system configu-
rations influence actual process execution.

The study was influenced by limitations in available data and by the chosen ana-
lytical focus. The analysis primarily covered administrative activities and selected
logistics-related events, while detailed warehouse operations and other supporting
processes were only partly visible in the event logs. Including more detailed op-
erational data would allow a more complete understanding of how administrative
decisions and physical execution interact.

Although the analysis in this thesis is backward-looking, the results also point toward
possible next steps beyond diagnosis. Repetitive manual work and recurring data-
related issues identified in the analysis suggest areas where automation through RPA
could be further explored. Rather than viewing Process Mining only as an analytical
tool, it may be valuable to examine how insights from backward-looking analysis
can be connected to more forward-looking or action-oriented approaches. Exploring
this link could help clarify how diagnostic findings can be translated into practical
changes in daily operations. Studying the economic effects of such changes would
also contribute to a clearer understanding of the value created by Process Mining
initiatives.
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A
Interview Guide

1. Introduction
Brief presentation of the interviewers and the project

• Master’s thesis students from Chalmers University of Technology
• Collaboration with Meridion, Infor, and Paulig
• Focus on Process Mining applied to the Order-to-Cash (O2C) process

Purpose of the interview
• To understand how the O2C process is executed in practice
• To identify bottlenecks, exceptions, and system-related issues

Consent
• Permission to record the interview

2. O2C Process
• Can you briefly describe your role and how you are involved in the O2C pro-

cess?
• What are the main steps in the O2C process at Paulig?

3. Order Entry
• Where do customer orders originate from (email, EDI, quotation, etc.)?
• How many days before delivery does an order enter the system?
• Approximately how many customers send orders via email?
• Is Customer Service responsible for manually entering these orders into M3?

4. Order Validation
• How does the sales order confirmation process look like?
• What information or requirements are needed to validate a sales order?
• How is the order validated?

– Manually checking several places?
– Automatically?

• Which checks are performed during order validation?
• Are credit checks performed? What happens if a credit check fails?
• Are ATP checks performed? If not, why is this not an issue?
• What is the role of Sales in the order process?

– What checks are performed by Sales?
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• What are the most common reasons for customer orders going into error?

5. Exception Management
• How is exception management handled in the O2C process?
• Approximately how many claims are handled?
• Are most claims managed within Infor/M3?
• What are the most common types of exceptions?
• Is CRM used in the claims or exception handling process?
• Is it often a problem with forecasting and last-minute changes during cam-

paigns?
• What are the most common reasons for manually changing a customer order?

– Quantity changes?
– Delivery date changes?
– Production delays?
– Stock availability?

• Are price changes made often?
– In which situations?
– Why do these changes occur?

• Is the standard order process the same for all customers, or do some customers
have unique flows?

• Are there any other deviations in the order creation, confirmation, or post-
confirmation stages?

6. Logistics, Availability, and Campaigns
• Who pays for transportation to the customer and how is this handled in M3?
• Are transportation costs added automatically or manually?
• Are full truckloads commonly used?
• How does ATP work today?
• Are there differences between product categories?
• Are Best Before Date (BBD) requirements important for certain products?
• Are products generally kept in stock, or is production often required?
• Approximately how many orders are handled per day?
• What types of campaigns are run?
• How do campaigns affect allocation, stock availability, and order handling?
• Does the customer have to commit earlier to quantities?

7. Reflections
• Are there any steps in the O2C process that you feel are unnecessary or par-

ticularly time-consuming?
• Are there recurring issues that you believe could be reduced or eliminated?
• Is there anything else you think is important for us to understand regarding

the O2C process or system usage?
• Are dashboards or workspaces used to monitor orders or performance?
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• How well do you feel the current systems support your daily work?

Note: The interviews were conducted as semi-structured interviews. While the same
overarching interview guide was used, questions were adapted and follow-up ques-
tions were asked depending on the interviewee’s role and expertise.
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