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Enterprises allocate investments with the anticipated Return On Investment
(ROI) encompassing cost reduction, profit maximization, decision support,
and fraud detection. In a competitive business environment, companies need

to streamline and optimize their procurement processes. An ingredient for
this kind of optimizations could be the use of information systems such as
Enterprise Resource Planning (ERP) systems. Despite the prevalence of
ERP systems in these organizations, many lack the proficiency to extract
valuable insights from the processes. This process-centric nature aligns well
with Process Mining techniques. This study is expected to contribute to the
growing body of literature on the use of data-driven approaches in manu-
facturing organizations. To address this issue, this research aims to explore
the correlation between ERP systems and process mining techniques. By
conducting a systematic review of the literature, we will identify existing
research on this topic and analyze the methods and results of previous stud-ies
and imply the findings on data collected from a company. The goal of this
research paper is to provide insights into how ERP systems and process
mining techniques can be integrated to improve organizational eficiency
and decision-making. With the acknowledged constraints of time and the
data quality issues that will be investigated using limited techniques as
emphasized in this research paper, we plan to utilize conformance-checking
techniques to identify irregularities. Subsequently, we aim to assign signifi-
cance to each anomaly and initiate discussions with the company for further
resolution.
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1 Introduction

Data mining techniques have gained popularity [5] as a means of
analyzing large datasets to extract valuable insights and identify bot-
tlenecks in business processes. In the context of ERP systems, these
techniques can be particularly useful due to the large amount of
data generated by these systems. With the usage of process mining
techniques, organizations can use process mining to discover their
actual processes, offer insights, identify issues, and automatically
initiate corrective actions [22]. Some process mining methodologies
leverage supplementary data, including the entity (be it a person
or a device) responsible for executing or initiating an activity, the
timestamp (date and time) of the event, and accompanying data
elements associated with the event (order quantity), to their advan-
tage [20]. The utilization of limited manufacturing resources can be
improved, the system throughput can be increased, and the overall
cost of production can be reduced by accurately and effectively
locating bottleneck spots[15].

ERP systems have emerged as one of the most extensively used
business systems in recent years, changing the organizational infras-
tructures of corporations from functionally centered to procedure-
driven [6]. To increase competitiveness, practically every company
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now considers ERP to be a "must have" technology [26]. The main
objective of this paper is to leverage Budin Akarca's ERP Systems
data for the purpose of detecting bottlenecks in their processes.
Despite the existence of some research on manufacturing and big
data in relation to process mining, there is a notable dearth of stud-
ies specifically addressing Process Mining for ERP systems, apart
from the relevant work discussed in the third part. This indicates a
significant gap in the current body of knowledge, emphasizing the
necessity for further exploration and investigation in this domain.

In the upcoming sections, we will proceed with defining our
research questions in alignment with the previously stated goal. The
second section will specifically outline the main research question
as well as the accompanying sub-questions. Following that, the
third section will delve into the related work and existing literature
pertaining to the topic under examination.

Additionally, the fourth part of the paper will elucidate the meth-
ods that will be employed in the research. This section will outline
the specific approaches, techniques, and tools that will be utilized
to address the research questions effectively.

Following that, the fifth section will delve into providing the
necessary background information to comprehend process min-
ing techniques and the analysis process. This section will offer a
comprehensive overview of the key concepts, methodologies, and
principles involved in process mining.

Lastly, the case study will be presented, detailing the practical
choices made in order to detect bottlenecks in the company’s data.
This section will elucidate the specific steps taken, the data utilized,
and the analytical techniques employed to identify and address the
bottlenecks within the company’s processes.

2 Research Question

To effectively analyze the data provided by the company, it is crucial
to establish a foundation of background information regarding ERP
systems and Process Mining techniques. This will enable a compre-
hensive understanding of the research context. In this study, we
will address one main research question and three sub-questions to
guide our analysis and exploration. These research questions will
serve as a framework for our investigation and provide clarity in
addressing the objectives of the study.

“How can process mining techniques be applied to analyze data
from ERP systems in order to identify bottlenecks and extract valu-
able insights?”

To answer this question we have to answer the following research
questions.

RQ1: What are the various types of data that contemporary ERP
system's modules provide?

RQ2: What Process Mining techniques are applicable in the con-
text of ERP systems?

RQ3: What specific data requirements are necessary for the suc-
cessful implementation of the process mining techniques identified
in RQ2?
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3 Related Work

In this section, we explore the existing body of literature and re-
search that is relevant to our study on applying process mining
techniques to analyze data from ERP systems. Our aim is to gain
insights from previous work and identify key findings and method-
ologies that have contributed to the field.

While there exists a wealth of data-driven Process Mining ap-
proaches documented in academic sources, a comprehensive and
step-by-step explanation of Process Mining specifically tailored for
ERP systems has been found lacking. However, noteworthy sources
that contribute to the understanding of Process Mining in the con-
text of ERP systems included [11, 14, 17, 18, 20, 22] The first most
relevant publication found, the authors [18], use the Systems, Ap-
plications and Products Manufacturing Execution (SAP ME) in their
example with the usage of process mining and value tracing. Af-
ter analyzing the related work from the given authors, it offers
examples for descriptive models such as conformance checking
(checking two different models), streaming (monitoring real-time
events), performance analysis (bottleneck analysis), and decision
support systems[18]. Also gives an example of process mining al-
gorithms such as Alpha Miner with Petri Net Notation, Inductive
Miner, and Fuzzy Miner [18], the description of these miners will
be explained later in the research.

The second article [17] applies process mining algorithms to
a dataset comprising event logs from Oracle Financials-based en-
terprise resource planning (ERP) procurement processes from an
organization in Pakistan. Their objectives include reducing the time
between purchase generation and approval, identifying unnamed
activities, and allocating the budget eficiently. The study introduces
metrics that allow for the identification of both low-level and high-
level deviations between the event log and the process model. This
research aims to analyze ERP procurement log data to find an efi-
cient process model that reflects the organization’s actual flow. It
also identifies correlated sub-processes, optimal time frames, and
anomalies for improvement. The findings of the authors are the
detection of five types of issues with quality in the logs through the
use of different process mining tools from the ProM process mining
tool.

4 Methodology

In this section, we will delve into the methodologies employed to an-
swer the research questions and address the main research objective
of this thesis, which is to explore how process mining techniques
can be applied to analyze data from ERP systems in order to identify
bottlenecks and extract valuable insights. To achieve this, we will
use CRISP-DM [19] methodology which is constructed with 6 steps
namely; business understanding, data understanding, data prepa-
ration, modeling, evaluation, and conclusion. The CRoss Industry
Standard Process for Data Mining [19] technique plays a crucial
role in Process Mining by guaranteeing quality and producing an
industry-neutral methodology. Despite being used for two decades,
the publication still adheres to De-Facto data mining standards [19].
To begin, our initial step involves investigating the diverse types of
data offered by contemporary ERP system modules. Subsequently,
we will explore process mining techniques that are applicable within
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the context of ERP systems. Furthermore, we will identify the spe-
cific data requirements necessary for the successful implementation
of these techniques. Once these preparatory information’s are given,
we will proceed with the application of the CRISP-DM methodology,
utilizing the company’s data for analysis and further refinement.

The first research question, it aims to uncover the diverse types
of data that are made available by modern ERP system modules. By
examining these data types, we can gain a comprehensive under-
standing of the information landscape within ERP systems and lay
the foundation for subsequent analyses. This exploration will enable
us to ascertain the richness and granularity of the data, which will
prove crucial in effectively applying process mining techniques.

Moving forward, second research question focuses on identifying
process mining techniques that are applicable in the context of
ERP systems. Process mining provides a valuable framework for
analyzing and improving business processes by leveraging event
data recorded in information systems [22]. By studying the current
literature and industry practices, we will identify process mining
techniques that are well-suited for analyzing the data within ERP
systems. This exploration will enable us to determine the most
relevant and effective techniques for our analysis.

To successfully implement the process mining techniques identi-
fied, seeks to ascertain the specific data requirements necessary for
their application. This research question will guide us in identify-
ing the essential data elements, attributes, and context necessary
for accurately performing process mining analyses within an ERP
system environment. Understanding these data requirements will
contribute to the successful implementation of the chosen process
mining techniques and enhance the quality and reliability of our
subsequent findings.

Ultimately, the usage of these methodologies will allow us to
address our main research question, which seeks to determine how
process mining techniques can be applied to analyze data from ERP
systems. By using the insights gained from the exploration of data
types, the identification of applicable process mining techniques,
and the understanding of specific data requirements, we will be able
to conduct an in-depth analysis of Budin Akarca’s [2] ERP data by
following Crisp-DM [19] model using Prom-Lite 1.3.

In the following sections, we will discuss each research question
in detail, outlining the research methodologies employed and the
rationale behind their selection. Furthermore, we will provide a
comprehensive overview of the data collection process, the analyt-
ical techniques used in recent related papers, while adhering the
framework of the CRISP-DM methodology.

5 Results

This section aims to furnish the necessary background information
to facilitate a comprehensive understanding of the analysis per-
formed and the diagrams generated by Process Mining Tools (ProM)
while addressing the research questions. By providing this contex-
tual information, we intend to offer the reader a solid foundation
for interpreting and grasping the subsequent analytical processes
and visual representations presented in this study.



5.1 Modules and the Data provided by ERP Systems

It is stated that [4] process mining’s first and most costly stage is
the extraction, transformation, and loading of event logs from infor-
mation systems. The traces that processes leave behind while they
run are recorded in event logs[16]. This requires comprehending
the fundamentals of the data, which are now found in ERP systems.
Our goal is to identify the modules that are suited for producing
accurate insights after studying the types of data generated by these
systems. The report will answer this, however this section will detail
the data for current ERP systems. One of the approaches will be
to look at major businesses who have implemented ERP systems
and the modules they focused on. And later understanding the data
extracted from these Information Systems.

From the articles [3, 7, 10], it is mentioned that these Information
Systems break down the departments in these enterprises in order
to increase eficiency, decision support and reduction of the costs
[7]. ERP is a software program that combines these departments and
creates functional modules within big databases. Authors [3, 7, 9, 10]
did concatenate these functional units into; Manufacturing, Sales,
Human Resource, Finance, Supply Chain, Warehousing, Customer
Relation, and Salary Management. These modules differ for each en-
terprise and some may need additional separate modules to support
their businesses [9].

Gaining understanding of the data type alternatives offered by the
current information systems is the aim of the next paragraph. The
presence of event logs is a fundamental facilitator of process mining
because study of run-time behavior is only possible if events are
recorded [24]. Thankfully, all different kinds of information systems
provide these logs such as SAP system, which is the most popular
ERP system available [4]. These systems provide highly detailed
information on the tasks that have been completed which is the
essential in process mining [24]. CSV, XES and OCEL are types that
are produced event data's by these systems [22].

The third research question aims to conduct a comprehensive
investigation into the data storage types of CSV, XES, and OCEL.

5.2 Process Mining Techniques in the context of ERP
Systems

Event data is pervasive and will continue to increase exponentially
in all industries, economies, organizations, and even at homes [20].
Event log is the start point of process mining [20] and it is evident
that ERP systems possess the necessary capabilities to generate such

data. Process mining is related to data mining [20]. Whereas classi-
cal data mining techniques are mostly data-centric, process mining is
process-centric [20]. Process mining approaches offer insights,
spot bottlenecks and deviations, foresee and identify performance
and compliance issues, and help the automation or elimination of
repetitive work by combining event data and process models [22].
This part of the study aims to investigate and evaluate the applica-
bility of process mining methods to ERP systems. Process modeling
and techniques to create these models, conformance checking, per-
formance analysis, and comparative and predictive process mining
will be the four main areas of the investigation.

5.2.1 Process Modeling
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Before digging deeper into the literature to learn more about
what process modeling is, let’s first define the terminology to create
meaning. A straightforward but understandable alternative is to de-
scribe a process as a series of actions carried out in a particular order
to accomplish a particular goal [16]. Modeling implies describing,
and the objective here is to describe processes through the creation
of models (diagrams) that are visually appealing rather than in CSV
or XES format.

The techniques that produce these visuals are made from the
raw data. Directly-Follows Graphs (DFGs) and UML diagrams to
BPMN (Business Process Model and Notation) and Petri nets are the
available methods Dear Aalst [22] demonstrates for visualizing these
process models. Making the analysis of the next subsections requires
the use of process modeling. Also to understand my analysis for
better, these information’s are required.

5.2.2 Process Model Formalism’s

Numerous methods for examining and simulating business pro-
cesses are included in the topic of process mining. Directly-Follows
Graphs (DFGs), Petri Nets, and BPMN are three important topics in
process mining that are briefly covered in this part. These notations
provide a visual representation of how many-step processes are
structured. Together, these topics and examples offer insights into
different aspects of process analysis and formalism in the context
of process mining.

5.2.2.1 Directly-Follows Graphs

When importing an event log, the majority of process mining tools
immediately display a Directly-Follows Graph (DFG) [22] for show-
ing initial behaviour of the events. It has special start and end nodes,
represented by namely; a triangle as a start node, and a square
representing the end node. Unlike other model notations, DFG's
represent all the possible combination that could happen in process,
from the event data[22]. The author [22] mentioned a problem oc-
curring from this instance, when two activities occur in the event,
DFGs automatically creates loop even they never happened together
which creates ambiguity while reading the diagram.

5.2.2.2 Petri Nets

One of the most popular process modeling notations in process min-
ing is the Petri Net [16]. Petri nets are ideal for simulating processes
because of their formal semantics and mathematical background
[16]. It is possible to convert Petri Net Notations to BPMN and
other types of model notations [21]. One of the other feature the
author[21] stated is that Petri Nets are executable and allowing
many analysis techniques to analyze processes. It relies on logical
expressions that establish connections between events by utilizing
the sequence derived from the timestamps associated with those
events. Also the next two representation techniques are based on
Petri-Nets [22]. One example visualization could be Figure 2 which
represents a Petri-Net notation generated by Alpha Miner.

5.2.2.3 Others

» Process Tree: In the sense of modeling, process trees are not
used widely but some algorithms require [22 ]. A process tree
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is a tree-like structure that has only one root node. The leaf
nodes correspond to activities and connected by four type of
operators. Namely; exclusive choice (out of many activities,
any goes to the end state), sequential composition (multiple
activities follow a sequence to reach the end state), parallel
composition (multiple activities happens at the same time),
redo loop (creates loop through activities). One example pro-
cess tree visualization can be Figure 10 generated by inductive
miner.

e BPMN: Author [21] states that Business Process Model No-
tation is widely used and one of the most used language to
process models. In the practical part, tools only support a
small subset of the BPMN standard which needs conversion
to Petri-Nets and similar notations [22]. Figure 9 can be an
example diagram.

5.2.3 Process Discovery Algorithms

5.2.3.1 Alpha Algorithm

According to the author [20], most of the classical process discovery
approaches have problem dealing with concurrency. Alpha algo-
rithm takes concurrency as its start point. The Algorithm's goal is
to create causality relations from a collection of event sequences.
The algorithm consumes event logs and produces Petri Nets with
particular patterns betweeen events [17, 20]. An example Petri-Net
notation produced by Alpha Miner, Figure 2.

5.2.3.2 Heuristic Miner

The algorithm starts by creating a dependency graph that accounts
for activity frequencies and instances where one activity is followed
by another [20]. Dependencies are either included or excluded from
the graph based on predetermined thresholds. This dependency
graph reveals the basic connections between activities. The intri-
cate split and join behaviors of nodes are then revealed giving a
more thorough understanding of the process flow [20]. An example
produced Heuristic View can be Figure 5.

5.2.3.3 Fuzzy Miner

One of the most recent process detection methods is the fuzzy
miner. It simplifies the model interactively, turning spaghetti-like
models into ones that are more manageable and making it suited
for mining [17]. It has benefits [20] to certain mining algorithms,
such as handling noise and incompleteness.

5.2.3.4 Inductive Miner

Inductive Miner’s architecture resembles a series of tasks for analysis
and visualization [13]. In contrast to other mining techniques, a user
can alter any parameter at any time to promote exploration. The
authors[13] support that, most academic tools lack features like
animation and seamless zooming, making it dificult to support
the repetitive nature of process exploration. One example could be
Figure 1.

5.2.4 Conformance Checking
Event data collection for processes within ERP systems is not arbi-
trary. It can be based on predefined models. Process visualization
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predates [16] the advent of process mining and contributes to credi-
bility within a company. One of the examples could be, the availabil-
ity of one of the ISO (International Organization for Standardization)
[12] standards allows companies to purchase verification services
that assess the quality of their processes for their custwomers.

These predefined process models allows conformance checking
based on the generated process models from event logs [16, 22].
These generation could be made by tools. Some example process
mining tools [24] namely, ProM, Celonis, Disco, and PM4Py.

The goal is to find the positions in the diagrams which related
(predefined model) and observed (event log) disagree [22]. For in-
stance, the predefined model’s footprint can demonstrate that x
comes after y [20] rather than the other way around. If a relation-
ship between y to x is observed, this will cause ambiguity to be
discovered by conformance checking in the system. These spots
that has undesired behaviours could be reasoned by frauds and
ineficiencies in the processes [22]. The authors [16, 20, 22] men-
tions there are two popular methods used in order to check both
diagrams conformance. Namely, token-based replay and alignments.
To understand the causes of the deviations, the findings of the model
comparison should be discussed with a supervised person. Who,
what, when, and where are the key topics of discussion in these
variations [17].

5.3 Formalizing the ERP data for Process Mining
Techniques

Author [22] mentions that Information Systems are eligible to pro-
duce such data that supports representing processes. These systems
typically contain event data [22], which is the essential component
for process mining techniques. However, it is not done for the appli-
cation of process mining techniques by only extracting databases.
Correct relationships across databases are necessary to develop a
format that can be used for process mining. The event logs are
created in databases or information system interfaces using these
formats, which should be built to the XES and OCEL specifications
which will be described in the next paragraphs.

5.3.1 Event Log

Events are the building blocks of event logs, and each event, in the
authors’ [4, 22] opinion, must include a least of three components:
event, activity, and timestamp. Each event has an associated action,
and the timestamp establishes the order of the events that creates
processes.

5.3.2 OCEL

The authors[4] suggests to construct the extracted data from SAP
(ERP system) as Object Centered Event Logs (OCEL) in their exam-
ple. Unlike traditional intermediate storage units to collect events
(such as CSV), in OCEL, an event could handle multiple object asso-
ciated with it. To understand the basics of OCEL, it is necessary to
deconstruct each constituents. According to the OCEL definition;
An Obiject is specific kind of item that the business is related to,
the data should explain the features of these objects and creates
meaningful connections between database tables [8]. An Event is
associated to certain objects and has a relational identifier such as



bar-code number, an action as event type, a timestamp to determine
the sequences of the events [8]. Finally, Logs are made from sets
of events and objects, creates a sequence that creates processes
[8]. These logs can be utilized in conjunction with Process Mining
methods [4]. However this format still needs to converted to a XES
format for further analysis which process mining tools require.

5.3.3  XES (eXtensible markup language Encoded Source)
Previous version [25] for XES called MXLM, published in 2003, the
first standardize event data storage unit. Because of the limitations,
new version they published become XES. Also XES became the
oficial IEEE standard for storing event data in 2016 [22].

The format they constructed contains of logs. Each log contains
traces, that contain events. Additionally, event classifiers that give
each event a name can be supplied in the log element. Events can
now be compared to one another based on their associated identities
[23, 25].

By employing these conversion techniques, it becomes feasible
to analyze the data using the process mining tools described in the
previous section.

5.4 ERP Systems and Process Mining

Modern ERP system modules offer a variety of data kinds that are
essential for eficient business operations [3, 7, 10]. These comprise
financial data, sales and customer information and contact details,
inventory and supply chain data, procurement, and logistics data,
and human resources information. Accoring to the author [22],
information systems are eligible to produce event data, which is
essential for process mining. There are numerous strategies that
can be employed when process mining techniques are used in the
context of ERP systems [7, 22]. Process discovery, conformance
verification, and performance analysis are particular process min-
ing approaches that are applicable to ERP systems which stated
in previous chapters. Based on the literature review mentioned in
the previous paragraphs, it can serve as a valuable guideline for
approaching Budin Akarca’s ERP data. By following the Crisp-DM
methodology, this project could be effectively planned, executed,
and evaluated in each state, ensuring that the results are reliable
and the objectives are met. The next paragraph will ensure the
step-by-step notation on how to extract valuable insights from data
generated from ERP systems using Process Mining Techniques.

6 Case Study

In the forthcoming sections, a comprehensive description of the com-
pany [2] that is under investigation will be provided, including an
overview of its operations and key aspects. Additionally, the nature
of the available data will be examined, emphasizing its relevance
and significance in relation to the project at hand. The data extrac-
tion process will employ methods and techniques acquired from
previous chapters, ensuring a systematic and eficient approach.
By utilizing these established techniques, valuable insights will be
extracted and patterns within the data will be uncovered, thereby
facilitating a deeper understanding of the company’s production
processes. The focus of the analysis will be on reviewing the produc
-tion data for a specific product during a three-month period, namely
January to March 2023. The last part of this section will present a

Process Mining on ERP systems « 5

comprehensive analysis of the data, offering valuable insights and
recommendations aimed at enhancing the company’s production
processes.

6.1 Business Understanding

To gain a sense of the resources that are needed and accessible,
the business environment should be evaluated. One of the most
crucial aspects of this phase is choosing the data mining objec-
tive. According to the author [19] is important to first describe the
types of process mining techniques (conformance checking, Per-
formance Analysis, etc.) in this section. The company under study,
Budin Akarca, is actively engaged in the production of printing inks
and since 2007 has successfully implemented Net-Sis ERP, a widely
utilized ERP solution provided by Logo company [1]. According
to the CEO, the modules within the ERP system have undergone
continuous development and have progressively gained enhanced
functionality over time. Through extensive consultations with the
accountant and ERP support personnel, as well as a thorough anal-
ysis of the database, it became evident that the ERP system is built
upon various modules such as Orders, Production, Receipts, Stocks,
Payments, and Human Resources, among others. These specific
modules have been the focal point of the Data Preparation phase.
Further examination of the company’s data, combined with relevant

literature, revealed the close association between production pro-
cesses and Process Mining. Initially, the project aimed to develop a
predictive model to address stock-related issues. However, due to
the limited time-frame of this research, the focus has been nar-
rowed down to analyzing the production line for a specific ink type,
namely single color (LAK-1011). According to the accountant, the
company’s most produced and sold product can be identified. In or-
der to check for bottlenecks in the system, Conformance Checking
will be employed. The creation of a model and a thorough under-
standing of the data are crucial for this analysis. The company’s
adherence to ISO standards, as mentioned earlier, is of great impor-
tance in the context of conformance checking. The ISO standards
have facilitated the modeling of all the available processes within
the company, ranging from employee on boarding to production.
This serves as a crucial aspect for conformance checking, as the
comparable model will be based on these established I1SO processes.

6.2 Data Understanding

Key tasks in this phase involve collecting data from various sources
[19], analyzing and condensing it, and evaluating the quality of
the data. In this research work, the event data were extracted from
SSMS (SQL Server Management Studio) that the ERP system build
onto. Hence, for this study, the organization’s production cycle was
considered as the primary input. The actual data in the form of an
Excel spreadsheet was extracted using SQL queries, encompassing
66 events associated with 1 specific activity (production of LAK-
1011) across 632 cases. The data spanned from 1 January 2023 to
23 March 2023. This event was taken from the stock control table
(TBLSTHAR), which also contains sales-related events.
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Fig. 1. Inductive view on Production Data by Inductive Miner 5.2.3.4

6.3 Data Preparation

The process of data selection involves establishing specific criteria
for inclusion and exclusion [19]. In this step, the data needs to
undergo a transformation to a suitable format for the process mining
tool, namely Prom Lite 1.3. This tool specifically accepts data in CSV
format, which requires converting it to the XES format through the
process of transformation. During the transformation process, it
is essential to select the relevant attributes associated with each
event and case. This includes identifying the necessary information
such as the event identifier (e.g., barcode number), case (e.g., type of
action) and the timestamp. These selected attributes play a crucial
role in generating the model from the event data.

Within the company’s dataset, each column represents a specific
attribute containing valuable information. The chosen attributes
include: the stock hame of the product associated with the event, a
unique identification number serving as a code to link instances,
and a description that indicates either the name of the product
produced (utilizing the stock name attribute) or the name of the
event itself, such as the company name that purchased the product
or "URETIM" denoting production. Additionally, the timestamp
attribute plays a crucial role in establishing the sequence of events,
which is essential for analyzing processes effectively.

After being done with the identification of attributes, to address
issues associated with inadequate data quality, it is essential to
undertake data cleaning procedures[19].In the specific case of the
company, it was crucial to differentiate and filter the data because the
dataset contained irrelevant event logs related to sales of the color
LAK-1011. Python and its libraries (std and pandas) were employed
to process and filter the extensive event logs, eliminating irrelevant
entries and ensuring a more concise and focused dataset for sub-
sequent analysis. The ProM framework facilitates the conversion
of raw data format into XES format, as the descriptions discussed
earlier. The identification number is chosen as the case column since
it serves as the relevant identifier in the context. Respectively the
chosen event attributes are the "stock name" (LAK-1011) and the
"description” (URETIM). The selected event attributes are inherently
interconnected as they contribute to the creation of the production
process with the help of the timestamp.

6.4 Modeling

The data modeling step encompasses the development of the test
case, the test model, and the modeling approach by process mining
techniques. During this phase, various data mining methods can be
utilized. In this case, test model is provided by the company and
edited for the clarification of the language (Turkish). The future
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analysis will be based on the test model and the recipe of the color
represented by Figure 12 and 11.

6.4.1 Control Flow and Conformance Analysis

As indicated in the appendix section, a range of widely used process
mining tools are available for visualizing event logs to facilitate
a clear understanding. It is evident that each method employs a
distinct approach to analyze the event data. By examining Figure
1 and 2, it becomes apparent that the inductive miner method pro-
vides a clearer understanding of the sequence and control flow of
events. This is attributed to its ability to generate occurrence counts,
thereby facilitating the detection of anomalies.

To enhance the understandability of visualizations, filtering tech-
niques are applied to the attributes used , particularly in the case of
the Alpha Miner. By referring to Figure 6 and 2, it becomes more
apparent how the choices are made in the production of the color
LAK-1011 because of filtering on attributes. However, it is worth
noting that the occurrences are not clearly visible in these graphs,
which raises the question of whether the flow choices could be influ-
enced by data quality issues. It is possible that other process mining
tools could provide a more comprehensive view of the occurrences
and shed further light on the analysis.

As depicted in the recipe in Figure 11, the production line for
creating the color LAK-1011 follows a linear process, where semi-
products are added one by one. However, when examining the
graphs provided in the Appendix, it is evident that tree structures
occur, leading to anomalies in terms of the utilization of different
semi-products to create the same color. These discussions regarding
flow choices were conducted with individuals from the Research and
Development department, as well as the Accountant, as mentioned
in the acknowledgments section of this research.

Inductive mining techniques, particularly when applied to process
mining, provide valuable insights into flow choices by visualizing
each trace by date and showcasing their occurrences in a sequential
manner. From the Figures 1 and 3, it indicates that these choices
are not related to a data quality problem. This approach enables
the identification and filtering of anomalies, allowing us to under-
stand when and how they occurred, thus facilitating the reasoning
process. The outcomes of these discussions and analyses will be
presented in the Evaluation section of this study, shedding light on
the implications and significance of the identified anomalies.

6.5 Evaluation

It appears that there are anomalies in the process flow structure
based on the test models. The anomalies involve the starting points
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Fig. 2. Petri-Net produced by Alpha Miner on Production Data. Link to Petri-Net's 5.2.2.2

of the process, either 1/LAK-1011 or 10007/LAK-1011, and the subse-
quent addition of recipe instances, namely UK0423, M4726, M4721,
and M4728/LAK-1011. According to the recipe, resources 10007 and
M4721 should be used in the first 2 steps.

The discussion mentioned with the related people from the com-
pany, the results were not creating a problem from the companies
side, which they reason the anomalies as "Sometimes while creation
of a product, some semi-products could be not in the stock or not
available at some moments. There are alternatives that could used
for the same product resulting the same. In this case for M4721;
UK0423, M4726 and M4728 can be used as the substitute for LAK-
1011, and "10007" used instead of "1" which they both represent
metal barrels for storing the ink.".

If we consider Figure 2, we can observe that at the bottom of the
diagram, there is a direct flow to the LAK-1011/URETIM end result.
Upon analyzing the data using the inductive miner and examining
the occurrence of that event, it became apparent that it was the first
event created from the data itself. Further investigation revealed that
it was related to the inventory count, which is typically conducted
after the new year.

From this evaluation, the anomalies found have significantly
hindered the identification of bottlenecks, but in the start of your
thesis, the objectives were to create a comprehensive understanding
of the entire progress, including Order (customers giving orders via
mail or phone call), Production (the process under examination),
and Sales (which was excluded from this particular analysis).

During the data collection phase, it is worth noting that the com-
pany specifically designed an attribute related to the desired delivery
date of the product. This attribute was considered essential as it can
help identify potential bottlenecks in the process and understand the
impact of delivery time on overall process performance. However
this field were never filled and along with that, the order and the
production of the customs, the data were filled when the order has
produced, which creates ambiguity in the data to follow processes.
This allowed for the exclusion of the examination of the company’s
sales process flow, thus enabling a focused analysis solely on the
Production process for the purposes of the thesis.

7 Conclusion

All things considered, the objective of this research was to leverage
ERP systems and Process Mining techniques to derive benefits. The
study followed a systematic approach, starting with an examina-
tion of existing resources and formulating relevant sub-questions to
establish a background for addressing the problem. The methodolo-
gies section then addressed these sub-questions and the methods
needed to answer each of the question, culminating in a practical as-
sessment using the company’s data and employing Process Mining
techniques. Which are namely; investigation on ERP modules and
data provided from them, process mining techniques in the content
of ERP system data, data formulation for Process Mining tools.

Through a systematic literature review, strong correlations be-
tween ERP systems and Process Mining were identified [20, 22],
laying a solid foundation for further research in this domain. By
utilizing aligned methodologies and tools provided by mentors, the
research successfully uncovered process ambiguities within the
company’s production data, particularly in relation to a specific
color. The results of the analysis were conducted using ProM 1.3,
a popular process mining tool. Through the utilization of this tool,
the generated graphs from the event data allowed for the detection
of bottlenecks within the company’s processes. These identified
bottlenecks were then discussed and clarified by engaging with the
appropriate individuals within the company.

Looking ahead, it would be beneficial to evaluate the ERP sys-
tem at Budin Akarca based on the observations and comments
highlighted in the evaluation section, possibly with the assistance
of a third-party business provider specializing in process mining.
Modifying the modules within the ERP systems and introducing
compulsory attributes could enable the discovery of previously un-
known hottlenecks, thereby further enhancing the overall eficiency
of the processes.
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