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Abstract 

 

The thesis aims to systematically record existing works on the intersection of 

manufacturing with process mining and investigate the recorded scientific knowledge 

through a bibliometric approach. To achieve this specific goal, 163 studies from the Web 

of Science were analyzed and contained the query: ("process mining" or "event log" or 

"conformance checking" or "process discovery") and (industry* or manufacturing * or 

industrial*) in the titles, in the abstract, in the keyword plus and in the author keywords. 

To be able to implement this analysis, it was done with the help of R studio with the 

bibliometrix package, which uses R as a programming language. The analysis covered 

the timeframe from 2012 to 2023. The analyses that have been conducted make it clear 

that there is a rapid increase in the use of process mining in industrial environments. This 

trend is significant as it indicates the growing importance of digital technologies in 

industry, particularly in developing the digital twin and artificial intelligence. Keywords 

such as process mining, artificial intelligence and digital twin are the most widespread. 

An analysis is also conducted for the critical bibliometric trends and the influential trends 

of process mining in industrial and manufacturing environments, as well as the shaping 

of the research landscape in terms of its conceptual structure, intellectual structure, and 

social structure. Finally, performance analysis was conducted based on the bibliometric 

analysis results. 

Keywords: process mining, bibliometrics, digital twin, artificial intelligence 
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1. Introduction 

   1.1 Background and context 

In recent years, there has been an increase in the use of process mining in the 

manufacturing industry. Considering the weight that the manufacturing industry has on 

the world map in terms of economy, growth, and production, it is necessary to have a 

continuous flow in the production processes and to enable the control of every detail of 

the manufacturing industry. According to Van der Aalst, these control capabilities are 

given to us by process mining techniques, which use data generated during the execution 

of processes in an organization. Process mining capabilities began to be noticed and 

studied in recent years. This technology allows us to discover possible organizational 

bottlenecks and ineffective processes, such as a long wait time between two methods, 

and optimize the activities[1]. 

Process mining technology divides into three main types. Figure 1 below shows the three 

types of discovery, conformance checking, and enhancements [2]. Process mining works 

based on an event log that refers to an activity. We can use event logs for the three types 

of process mining we mentioned earlier. The first and main part of process mining is 

process discovery, which takes an event log and produces a model. Activity names are 

the most common way events are represented, but other kinds, like timestamps or a 

sequence of activities, can generally be used. This process enables the creation of a 

model that will show the actual process flow, identify bottlenecks, and improve overall 

process efficiency.  

The second type is conformance checking, which compares the actual behaviour of a 

business process as recorded in event logs with a process model. By comparing the two, 

it is possible to identify any discrepancies. Conformance checking aims to discover 

potential inefficiencies or deviations from the expected flow [3]. 

The third type of Process Mining is Process Enhancement. The process aims to refine 

either an idea or an existing model by receiving information from event logs. This can be 
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achieved by enriching additional information from Event logs. The goal is to create more 

detailed models that will reflect real processes and be more efficient [4],[3]. 

 

  
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Three basic types of process mining 

It is necessary to emphasize the importance of process mining for the industry as it 

enables companies to improve based on data and become more efficient. Some of the 

primary possibilities that process mining offers businesses are as follows: First of all, the 

chance to reduce costs[5]. Improving procedures and addressing different inefficient 

methods can achieve this. We can minimize high costs and improve organizational 

conditions by utilizing process mining, resulting in business profits[6]. Secondly, process 

mining allows the company to improve employees' working conditions, boosting morale 

and reducing stress, ultimately leading to enhanced performance[7]. Thirdly, process 

mining improves efficiency. In this way, companies find their inefficient processes, thus 

improving their performance. Furthermore, process mining is a powerful tool for 

companies to ensure their transparency based on data. This transparency leads to more 

accurate and informed decisions and ensures the company's compliance with existing 

regulations, providing a solid legal foundation for its operations [3]. In summary, process 

mining is crucial in the corporate sector as conclusions are grounded in precise 

information. They are helping businesses operate methodically and gain great potential 

to achieve their goals. 

Regarding the history of process mining research and applications dates back to the late 
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mining[8]. In the early years, process mining involved extracting information from event 

logs, and then he developed process retrieval algorithms and techniques. As process 

mining evolved, it became attractive in the industry as it could improve business 

processes and make them more efficient[9]. Finally, process mining serves various 

purposes and is utilized in sectors like the healthcare industry, manufacturing, supply 

chain, and generally anything to improve overall business performance [10].       

 

   1.2 Research problem and significance 

According to the studies manufacturing is moving into a more digital era, which allows 

process mining to stand out and show off its applications[11]. However, what dominates 

is the current and future trend of process mining in an industrial environment, enabling 

the development of digital twins which are critical components of hybrid intelligence 

systems in manufacturing[12]. The combination of process mining, digital twin and 

artificial intelligence allows businesses to improve their capabilities with various 

processes, such as productive applications called hybrid intelligence, i.e., the decision-

making process by humans with the help of artificial intelligence [13]. A digital twin allows 

us to control objects throughout their life cycle. However, for this combination to work, 

there must be cooperation between humans and machines. First of all, there must be a 

balance. Means that a person should get help from the machine to make his own decisions 

and not try less by taking what the machine tells him for granted[14]. Secondly, because 

in production, the critical part is the workers, there should be a meritocracy, which we 

are still determining if the machine can give, thus creating discrimination and problems 

between the workers. By balancing process mining, the digital twin and artificial 

intelligence can improve decision-making. Thirdly, automation in the processes saves 

time. Moreover, by connecting all applications, we prevent problems and take preventive 

measures[13]. Finally, Real-time monitoring and optimization: Digital twins enable us to 

control processes in real-time, thus improving yields [15]. 

Regarding the gap in the field, it has been identified that such a bibliometric analysis is 

absent, giving us the possibility of an existing record of scientific knowledge in the form 

of bibliometric analysis. Conducting a thorough bibliometric analysis to gain insights into 
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the research trends, landscape, and real-world impact of process mining in industrial 

applications is crucial. All procedures, results, mapping, and other conclusions mentioned 

in the paper were conducted using the bibliometrix software program[16]. Below, we will 

detail some of the positive points of a bibliometric approach to process mining in the 

industrial environment. First of all, the essential area of bibliometric analysis concerns the 

mapping of the field. With the help of bibliometrix, mapping concerns collaborations 

between researchers, the mapping of research networks, and, of course, collaborations 

between industries or institutions related to process mining. Thus, bibliometric analysis 

facilitates and enables the exchange of knowledge. A second point concerns researchers' 

ability to identify emerging trends by analyzing publications or reports in process mining. 

The third and essential part of the thesis concerns the identification of gaps. By studying 

the bibliometric analysis, you create possibilities for future research and application of 

various innovations in process mining. Fourth, it concerns the impact part of the research 

and whether it is complete or needs further research and analysis[17]. Finally, a 

bibliometric analysis of process mining in industrial environments can be used to evaluate 

different research groups. In conclusion,  bibliometric analysis enables researchers to 

deepen their knowledge, advance the field as best they can, and identify research gaps 

[18]. 

As humanity progresses, technology has entered our lives on both personal and 

professional levels, enabling new technologies such as process mining to develop and 

help further automate and improve processes. Studies on process mining in industrial and 

manufacturing environments show they have been conducted more fragmentarily. This 

results in the need to review the literature to find the main issues that concern the 

researchers, any research gaps, the various possibilities of progress in the specific field, 

etc. The thesis's research problem concerns the systematic recording of existing works 

on the intersection of manufacturing and process mining and investigating the recorded 

scientific knowledge through a bibliometric approach. 

Anticipating the needs above and objectives, this project will investigate two main 

research questions: 
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• Research Question 1: What future developments in process mining technology will 

likely significantly impact industrial and manufacturing environments? 

• Research Question 2: What are the critical bibliometric trends and influential trends 

of process mining in industrial and manufacturing environments, and how is the 

research landscape shaped in terms of its conceptual structure, intellectual structure, 

and social structure? 

Concluded the research problem of this thesis is conducting a bibliometric analysis for the 

intersection of process mining manufacturing and outline the potentials of growth 

expansion of future developments. 

 

   1.3 Structure of the thesis  

The structure of this thesis will be divided into four sections. The first chapter will consist 

of the introduction part. This chapter will overview process mining, its importance in the 

industry, and a brief history of its research and application.  We will also highlight the 

problem and the importance of the research gap in the current understanding of process 

mining's impact on the industry. There is a need for a comprehensive bibliometric 

analysis, potential benefits for researchers and practitioners, and significant attention to 

the industry regarding the likely practical consequences. The second chapter will be the 

part that will concern the methodology we used, the way we found our query, which 

search engine we searched, which software program we used, and what information we 

discovered. The third chapter will concern the results and graphs we found in the thesis 

for the part of performance analysis and science mapping for the bibliometric analysis 

according to the software we used. The fourth chapter will analyze and discuss our 

findings and the conclusions drawn from the thesis. 
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2. Methodology 

The database for the thesis was Web of Science, which was chosen because of its 

sufficient quantity and quality of work. The first data to start the search were: ("process 

mining" or "event log" or "conformance checking" or "process discovery") and (industry* 

or manufacturing * or industrial*)—the result of that particular search on the Web of 

Science involved 628 papers Considering all the information and other research, we 

thought that this question would be the desired result.  

The language was then selected based on the simplest reading method used by the most 

significant percentage of the population. For this reason, English was chosen as the main 

language. After selecting the language, we ended up with 620 papers.  

The third filter used was our time frame, which covered the years 2012 to 2023. By 

selecting this filter, the number of papers reached 585. 

The fourth filter concerned the source of the records we selected: papers, articles, early 

access, review articles, and book chapters.  

The final and most basic filtering was to exclude irrelevant articles, such as projects 

related to the mining industry. 

Projects whose content does not refer to industrial and manufacturing environments but 

to logistics, such for example the following projects: "Early detection of logistic process 

delay with machine learning algorithms", "Trace Clustering Exploration for Detecting 

Sudden Drift: A Case Study in Logistic Process", "Development of Internal Logistics 

Ontology for Process Mining", "Evaluating the Use of the Open Journey Model for Process 

Mining: An Informal Concept Mapping Study in Logistics" 

• A large portion of healthcare related work deemed inappropriate for the related thesis 

was removed. Some such examples are "On What Goes On With Goal-Oriented 

Healthcare Equipment Regulations: An Exploratory Case Study on the Diagnostic 

Imaging Equipment Industry in Brazil", "User Profiles in Elderly Healthcare Services in 

China: Scalper Detection", "Generating Log Requirements for Auditing Compliance 

with Healthcare Standards Using Workflow Modeling", "Process Mining for Health 

Process Analysis" 
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• Another group of removed topics were articles focusing on business processes, which 

contrasted the industrial part. Some of the articles are: "Towards Flexibility in Business 

Processes by Mining Process Patterns and Process Instances", "Belief network 

discovery from Event Logs for business process analysis", "A Process Mining-Based 

Solution for Business Process Model Extension with Cost Perspective Context -Analysis 

and Case Study Based on Cost Data", "Business Process Analysis and Academic 

Information System Auditing of Helpdesk Application Using Genetic Algorithms of 

Process Mining Approach", "ANALYSIS OF SECRET ASPECTS OF BUSINESS 

PROCESSES USING ENHANCED PROCESS" 

• Another rule for the query was to remove works that were not related to the 

production part, such as the articles "Designing the Integrated Ontology-Based 

Monitoring Framework for Customer Feedback Analysis", "Process Mining to Support 

Media Recommendation Strategies", and " Strategic innovation through outsourcing—

A theoretical review", which were considered unreliable for the bottom line. 

• Finally, papers related to the banking sector, such as “Lean Management in the 

Banking Industry: A Case Study” and “Collaborative discovery and enrichment of 

business process models using a quantification approach”, were removed.  

After completing the search and filtering, the final result for this thesis was 163 papers. 

Table 1 and Figure 2 below describe the protocol used to organize the work's structure. 

Table 1. Shows the sequence and protocol followed in this work 

FILTERS DATA RESULTS  

TOPICS 

(“process mining” or “event log” or” conformance 
checking” or “ process discovery”) and (industry* or 
manufacturing * or industrial*) 628 

LANGUAGE ENGLISH 620 

TIME FRAME 2012-2023 585 

SOURCE TYPE 

proceeding paper, article, early access, review article 
και book chapters. 584 

NON -RELEVANT  163 
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Figure 2. Shows the sequence and protocol followed in this work 

 

This thesis used the bibliometric analysis method, using data from the Web of Science 

database to conduct a comprehensive review of process mining in industrial and 

manufacturing settings. This method involves analyzing and visualizing bibliographic data 

of existing research papers, providing valuable information on the most cited papers, 

authors and journals, and the most common research topics and trends. Researchers and 

practitioners can identify the field's key players and thought leaders as well as the most 

critical research areas and gaps by conducting a bibliometric review. This information can 

be instrumental in guiding future research and development efforts in process mining in 

industrial and manufacturing environments [19]. 

The bibliometric analysis was carried out using R Studio and the bibliometric package, 

which uses R as a programming language. This brought out the first basic elements of 

the analysis, which can be seen in the table below. The table provides essential 

information about the works between 2012 and 2023. The  

database includes 163 publications in 127 sources about process mining in industrial and 

manufacturing environments. The collected papers have an average of 9,135 citations 

per paper, and all sources have 5353 citations. 
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In addition, table 2 contains information on the type of documents used. It has 40 articles: 

a book chapter and two articles. Book chapter, 24 articles. Early access, 1 article; 

document of process, 84 document of process, document of three minutes. Early access, 

six reviews, and three reviews. Early access. In addition, the 163 documents have 190 

keywords plus, 486 author keywords and 448 editors. In addition, six articles were written 

by a single author. Overall, this table is a powerful tool that helps us better understand 

the data and its sources. 

 

Table 2. Basic data information after analysis in biblioshiny 

Description Results 

MAIN INFORMATION ABOUT DATA  
Timespan 2012:2023 

Sources (Journals, Books, etc) 127 

Documents 163 

Annual Growth Rate % 15.76 

Document Average Age 4.68 

Average citations per doc 9.135 

References 5353 

DOCUMENT CONTENTS  
Keywords Plus (ID) 190 

Author's Keywords (DE) 486 

AUTHORS  
Authors 448 

Authors of single-authored docs 6 

DOCUMENT TYPES  
Article 40 

article; book chapter 2 

article; early access 24 

article; proceedings paper 1 

proceedings paper 84 

proceedings paper; early access 3 

Review 6 

review; early access 3 
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3. Results 

Chapter 3 analyzes the results obtained from the biblioshiny program. The two methods 

used for the bibliometric analysis in this thesis are performance analysis and science 

mapping. The first chapter shows us all the graphs and analyses based on performance 

analysis. In the second chapter, we will see the corresponding graphs using the method 

of science mapping. 

3.1 Performance Analysis 

3.1.1 Annual scientific production 

Figure 3 shows the trend of publications over the years about using process mining in 

industrial and manufacturing environments. This trend is increasing, which means the 

topic is essential and exciting to researchers. The graph concerns the number of articles 

referring to process mining in production environments from 2012 to 2023. Our graph 

shows that the production of articles in these fields, according to the time frames we set, 

started in 2012 at a low level with three articles, with a jump to 2018 to twenty-two. 

From 2019 to 2023, there were fluctuations, as we can see from the graph. 

 

 

Figure 3. Annual scientific production from biblioshiny 
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3.1.2 Average citation per year    

The following analysis concerns the average number of reports per year from 2012 to 

2023. We notice that initially, in 2012, there was a small average of 0.73 reports per year. 

There was an upward trend that reached 2.91 reports per year in 2014. From 2015 to 

2018, there were fluctuations, while there was a rapid increase, with the result that in 

2019, we have the highest average of reports, which is 2.99 per year. 2020, 2021, 2022, 

there was a rapid decline. 

 

Figure 4. Average citation per year from biblioshiny 
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is primarily focused on process mining, with publications in various sources. 

 

Figure 5. Three field plot 

 

 

3.1.4 Most relevant sources       

Figure 6 shows us the 19 journals with the highest number of publications in process 

mining in industrial and manufacturing environments with the help of Biblioshiny. The 

most significant number of scientific articles was published in the "Journal of 

Manufacturing Systems" with five articles such as "Automated Manufacturing System 

Discovery and Digital Twin Generation"[11] and in "Expert Systems with Applications" 

again with five articles such as "Process mining techniques and applications" – A 

systematic mapping study"[21].  The journals" Sustainability," "Computers in Industry," 

and "Applied Sciences Basel," which have published four articles, follow together in third 

place. Finally, the lowest positions follow five journals with three publications and nine 

with two publications. 
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Figure 6. Most relevant sources from biblioshiny 
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Figure 7. Most local cited sources 
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manufacturing, Proceedings of the 2023 Acm sigsim international conference on 

principles of advanced discrete simulation, Acmsigsim-Pads 2023, Process mining 

workshops, Icpm 2021, Research challenges in information science. Among the 19 

sources according to the H index, the first three with the greatest impact are “Expert 
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systems with applications”, “Journal of manufacturing systems”, ”Applied sciences-basel”, 

”Computers in industry” 

 

 

 

 

Figure 8. Bradford’s law 

  3.1.7 Sources Local Impact By H Index        

The following chart is essential. It shows us which source has the most significant impact 

locally. We notice that the sources " Expert system with Application", Journal of the 

Manufacturing System ","applied sciences-basel”, " and "Computers in Industry" are the 

four most important sources, those with the most significant impact locally. Finally, from 

the fifth to the tenth place, we notice that all the papers have the same impact, starting 

with "computers and industrial engineering" and ending with "sensors." 
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Figure 9. Sources local impact by h index 

 

3.1.8 Sources production over time 

The figure below shows us the publication path for the top journals; interestingly, the 

graph below shows an overall increasing trend for all articles from 2012 to 2023. In 

addition, we can observe a significant upward trend in sustainability articles from 2022 

to 2023, after no articles until 2021. Finally, it is worth mentioning that the top articles 

for 2023 seem to be "Expert Systems with Applications" and "Journal of Manufacturing 

Systems". 

 

Figure 10. Sources production over time 
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3.1.9 Most relevant authors 

The next analysis concerns the authors. The total number of authors in the 163 articles 

is 448. In the graph below, in figure 11, we list all the authors with three or more 

publications. According to the graph, we notice that Santos eap is at the top of the list 

regarding process mining in industrial and manufacturing environments with nine 

documents[24], followed by Rinderle-mas with articles such as "Expectations vs. 

Experiences - Process Mining in Small and Medium" Sized Manufacturing Companies"[25] 

and van der Aalst with nine article such as "Opportunities and Challenges for Process 

Mining in Organizations: Results of a Delphi Study"[26] in second and third place 

respectively with six articles.  Then there are three authors Becker, Lugaresi and matta 

with five documents and finally from the sixth place to the eleventh there are four authors, 

Abonyi, Friedrich, Lazarova-Molnar and Loures who have four documents. 

 

Figure 11. Most relevant authors 

 

3.1.10 Most local cited authors 

Next, we have the graph that shows how many times other authors mentioned an author 

for the specific specifications we put in. The top ten are listed below. Santos Eap 

recognized as the author with the most references, with 36. Second on the list is Scalabrin 
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ee, with 25 references, and third is Sato Dmv, with 21 references. Fourth is Lee D. with 

18 references, followed by Garcia Cd and Meinkheim with 17 references, then Lugaresi 

G. with Matta, and in ninth place and tenth place, respectively, are Becker T. and Loures 

Edr with 14 references. 

 

Figure 12. Most local cited authors 

 

3.1.11 Authors ‘Production Over Time 

Figure 13 shows a graph of the top 10 authors over time. This chart shows the research 

trends of the top 10 authors with the most publications. The graph works in terms of the 

circles according to their size. They show us the number of publications. The larger the 

circle, the larger the number of articles for the corresponding year. Correspondingly, the 

smaller the circle, the smaller the number of publications. Regarding the circle's color, 

dark means that the number of citations received by the author was significant, while 

less dark means fewer citations. Santos Eap and Becker were among the first in 

publications, but the citations could be higher. In the following years, All the authors on 

the list published articles. With a more robust reference to the authors Lugaresi and Matta 

who, in the year 2021, we understand from the color and size of the circle that they had 

a high number of publications and a large number of citations received by the authors 

for example," Automated manufacturing system discovery and digital twin generation 

"[11]," Discovery and digital model generation for manufacturing systems with assembly 
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operations" [27] and "Automated Digital Twins Generation for Manufacturing Systems: a 

Case Study"[28] 

 

 

Figure 13. Authors production over time 

 

3.1.12 Lotka’s law 

The graph below tells us that most authors publish one article and leave, and a few write 

more. The black solid line in the graph is the data we extracted, while the black dashed 

line is the theoretical distribution we expected. We see that the two lines are very close. 

The authors wrote 83.9% of one article and 10% of two articles. The remaining 6.1% 

have written from 3 to 9 articles. From the results, we conclude that few authors deal 

with the field in detail, while most write an article only and do not seriously deal with the 

field. 
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Figure 14. Authors productivity through Lotka’s law 

 

3.1.13 Authors local impact 

The table below shows us the impact of writing. A key parameter is the calculation of the 

h index. The h-index, often known as the Hirsch index, evaluates the influence of a 

scientist rather than a publication. Among the first three, we find the authors Becker, 

Santos Map, and van der Aalst, who have published four papers and received at least 

four references. As can be seen from the table, the h index is four. The total number of 

citations is 41,198,63, respectively. The first ten of the list closes with the remaining 

seven authors with index h 3. 

Table 3. Top ten authors local impact.TC (local citations),NP(number of publications),PY_START(publication year start) 

Element h_index TC NP PY_start 

BECKER T 4 41 5 2017 

SANTOS EAP 4 198 9 2017 

VAN DER AALST WMP 4 63 6 2018 

KNOCH S 3 22 3 2018 

LEE D 3 80 3 2013 

LOURES EDR 3 38 4 2017 

MANNHARDT F 3 51 3 2018 

PONPATHIRKOOTTAM S 3 22 3 2018 

RINDERLE-MA S 3 32 6 2019 

SCALABRIN EE 3 164 3 2017 
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3.1.14 Most relevant affiliations 

The graph below shows us the most relevant affiliations in process mining in industrial 

and manufacturing environments. Below are the ten universities with the most 

publications in the field. First on the list is PONTIFICIA UNIVERSIDADE CATOLICA DO 

PARANA, with the highest number of publications in the field nine. The second is the 

UNIVERSITY OF BREMEN, with seven publications; the third is SUNG KYUN KWAN 

UNIVERSITY (SKKU), with six publications. In fourth, fifth, and sixth place are the 

universities POLYTECHNIC UNIVERSITY OF MILAN, RWTH AACHEN UNIVERSITY, and 

UNIVERSITY OF PANNONIA. The university AGH UNIVERSITY OF KRAKOW closes the top 

ten with four articles. 

 

 

Figure 15. Most relevant affiliations 

 

3.1.15 Affiliations’ production over time 

The graph below reports the affiliation's production over time. The most significant 

increases were for the universities: first, the Pontificia Universidade Catolica do Parana; 

second, the University of Bremen; and third, the Skku. 
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Figure 16. Affiliations ‘Production Over Time 

3.1.16 Corresponding author’s Countries 

The figure below lists the top ten countries with single-country publications (SCP), with 

Germany in the first place and Korea and Brazil in second and third place, respectively. 

These three are the most productive countries in process mining in industrial and 

manufacturing environments. Also, nine countries in the chart (Germany, Korea, Brazil, 

America, Austria, United Kingdom, Czech Republic, France, and Hungary) were the most 

productive countries with multi-country releases (MCP). At the same time, Italy had no 

cooperation outside its country. 

 

Figure 17. Corresponding author's Countries 
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3.1.17 Countries scientific production 

In the figure below, we see the geographical distribution of the objects. Country scientific 

productions measure the number of appearances of the author per country. It is based 

on the coexistence of countries and the authors' relationships. What we understand from 

the image is that where there is a gray color, it indicates the non-existence of local 

authors, while where there is a blue color, it shows us the existence of local authors, 

while the darker one shows us the increase of authors. For our analysis, we have chosen 

the first ten most productive countries. Germany, South Korea, and America are the first 

three most productive countries. We infer that researchers from Germany were present 

53 times. Then, they are followed by researchers from South Korea, who were present 

33 times, and in third place are the researchers from America, who were present 21 

times. Rounding out the top ten are researchers from Poland who were present 13 times. 

 

Figure 18. Countries scientific production 

 

Table 4. Countries scientific production 

region Freq 

GERMANY 53 

SOUTH KOREA 33 

USA 21 

FRANCE 17 

BRAZIL 16 

UK 16 

AUSTRIA 15 

ITALY 15 

CHINA 14 

POLAND 14 
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3.1.18 Countries production over time  

The following figure illustrates the publication growth patterns of the six most productive 

countries in process mining in the industrial and manufacturing environment from 2012 

to 2023. We note that Germany has rapidly increased the number of publications since 

2012. Korea and America also had an upward trend. The United Kingdom, France, and 

Brazil followed, with an increasing trend. 

 

Figure 19. Countries production over time 

 

3.1.19 Most cited Countries  

 

Figure 20 shows the top ten countries with the most cited worldwide. The observation is 

that Brazil and Germany have the most references, 212 and 202 each, followed by Korea 

in third place with 134 references, China in fourth place with 96 references, and Italy with 

93 references. In sixth and seventh place respectively are Spain with 92 and America 

with 87. In eighth place is Norway, with 82. In ninth place is Denmark with 52, and finally, 

at the end of the list is Finland with 47. 
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Figure 20. Most cited Countries 

 

3.1.20 Most Global Cited Documents  

With the help of the bibliometric analysis, the figure below shows us the documents and 

the authors with the highest references worldwide. After the evaluation, we have 563 

references for the first ten documents. First is the author Cleiton dos Santos Garcia, who 

has 130 global citations in the field of expert systems to applications[21]. In second place 

is Juan Jesus Roldan, who wrote an article, Robotics and Computer-Integrated 

Manufacturing[29], with 85 citations. The third and fourth places are Jonas Friederich 

and Jaehun Park, with 49 citations in the field of computers in the industry [30]and the 

International Journal of Production Economics[31], respectively. As we can see, the list 

includes high citations in the Expert Systems to Applications section and the Journal of 

Manufacturing Systems. 
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Figure 21. Most global cited documents 

3.1.21 Most local cited documents  

The table below shows the documents with the most local references. The article "Expert 

System with Application" by Garcia and the Journal of Manufacturing System by Lugaressi 

have the most citations locally. The International Journal of Production Economics by 

Jaehun Park, Expert Systems with Applications by Dino Knoll, and the Journal of 

Intelligent Manufacturing by Edson Ruschel follow in third place with 11 citations. 

 

 

Figure 22. Most local cited documents 
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3.1.22 Most local cited references  

As shown below in Figure 23, we will mention the ten most locally cited references. The 

most significant number of references is VAN DER AALST W, 2016, "PROCESS MINING: 

DATA SCIENCE IN ACTION" [32], with several 26 references. We notice that from first 

place to fifth is VAN DER AALST W with publications such as "2004, IEEE TRANSACTIONS 

ON KNOWLEDGE AND DATA" ENGINEERING”[33], LECT NOTES BUS INF" "PROCESS 

MINING: DISCOVERY, CONFORMANCE AND ENHANCEMENT OF BUSINESS 

PROCESSES"[34], "INFORMATION SYSTEMS," Then the most local references were the 

publications of LEEMANS SANDER J. J., 2013 with 16 references. ROZINAT A 2008 with 

16 references. In eighth place, ROZINAT A, 2009, had 14 references; in ninth place, 

GARCIA CD, 2019, had 13 references; and finally, in tenth place, GUNTHER CW 2007, 

with 13 references. 

 

Figure 23. Most local cited references 

 

3.1.23 Most frequent words  

One of the critical components of search engines is keyword plus. The proper keyword 
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words to obtain the correct result and analysis. The most crucial keyword in our search 

is model, followed by systems and design. The top ten of the list closes with management. 

 

Figure 24. Most local frequent words 

3.1.24 WordCloud 

 In the graph below, we see a word cloud. Show us the keywords plus with the highest 

frequency in the 163 articles analyzed for process mining in industrial and manufacturing 

environments. The longer the word, the higher its frequency. In the image below, we 

have the 50 most frequent keywords plus. We noticed that words like "business process" 

and "process mining system" matched the research. However, there are also words 

like   "model" that show us that the articles we are analyzing generally investigate the 

industry part and not entirely the production and manufacturing part.

 

Figure 25. Cloud of keyword plus 
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3.1.25 TreeMap 

It is important to note that two distinct approaches were utilized in analyzing the tree 

map graphs. The first graph was generated using keywords, providing a granular 

understanding of the data. On the other hand, the second graph was constructed using 

WoS (Web of Science) subject categories, offering a broader categorization of the 

information. The image below lists the top 30 keywords mentioned in the articles. We 

show this in the form of a Wordtree MAP with the help of the biblioshiny software. 

Keywords help search engines discover related work. This means more readers are 

reading the article and, thus, possibly more citations. The research trend could also be 

determined using the keywords' information. The Word treemap shows that process 

mining system and process models are the keywords used the most. The use of words 

such as "care" and "generation" is low. Finally, keywords like design, Petri nets, and 

simulation have many references. 

 

Figure 26. TreeMap (keywords) 
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Exploring the subjects of these documents through the classification categories of WoS, 

as seen in Figure 27" indicates that the most prevalent categories are" computer science, 

"including sub-categories such as" information systems, artificial intelligence, theory 

&methods, interdisciplinary applications, software engineering, Engineering 

encompassing manufacturing, industrial, electrical & electronic and multidisciplinary sub-

categories. 

 

Figure 27. TreeMap of Wos categories 

 

3.1.26 Words frequency over time 

The graph below analyzes the development trend of all the author's keywords from 2012 

to 2023. It observes a rapid increase in the studies using the term "process mining" from 

2012 to 2023; we also see a small but increasing trend in all the studies using the terms 

"manufacturing," "industry 4.0," "data mining," and "process discovery".  



31 
 

 

Figure 28. Words frequency over time (authors keywords) 

3.1.27 Trend topics 

In the trend topics graph below, we will analyze, with the biblioshiny program's help, the 

development trend according to the titles from the studies. The size of the blue nodes 

determines the frequency of titles reported. The bigger the node, the higher the 

frequency. Moreover, as far as the grain is concerned, it represents the year covered by 

the high frequency. The highest frequency of titles was observed during 2019 with 

process mining, allowing us to say that by that period, the specific subject began to be 

analyzed more thoroughly and intensively.

 

Figure 29. Trend topics (tittles) 
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3.2 Science Mapping 

  3.2.1 Conceptual  Structure 

    3.2.1.1  Co-occurrence network 

Using the bibliometrix program, the following co-occurrence network was created, and 

the analysis was performed using the author's keywords. We observe that eight clusters 

have been created in the graph below. The red one of the eight clusters has the largest 

co-occurrence network. The red one of the eight clusters has the largest co-occurrence 

network. The keywords of the top authors can give us various clues about the research 

and the interests of the researchers in process mining in industrial and manufacturing 

environments. According to the co-occurrence network, the top five keywords are process 

mining. For example, the paper "Analysis of automated guided vehicles performance 

based on process mining techniques[35]" examines process mining in the field of applying 

process mining techniques to the analysis of the performance of automated guided 

vehicles (AGV). The digital twin for example, the paper "Development and Analysis of 

Digital Twins of Production Systems"[15] examines the digital twin in developing digital 

production systems. Thirdly, the paper "Automated digital twin generation of 

manufacturing systems with complex material flows: graph model completion"[12] 

describes the problem of discovering production systems with complex material flows, 

such as assembly lines.Additionally, industry 4.0, such as the paper "Abstracting Process 

Mining Event Logs From Process-State Data To Monitor Control-Flow Of Industrial 

Manufacturing Processes"[36], examines the applicability of process mining 

methodologies combined with concepts of data-driven digital twins for discovering and 

monitoring process control flow. These keywords are significant as they represent the 

core research areas in process mining and industrial environments. What is clear from 

the graph is that process mining is the word that has been researched the most by 

researchers. Also, there is a very close relationship between process mining and 

manufacturing. We have researched these two pieces more thoroughly than examples 

such as the activity garment industry and machine learning.", for which there is little 

interest. 
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Figure 30. Co-occurence network 

 

3.2.1.2 Thematic map 

The figure below shows the author's keywords created the chart. The parameters used 

for the analysis of the thematic map were, firstly, creating an Excel file to distinguish the 

synonyms and noting 150 words. Thirdly, in the min cluster frequency, we put 5 in 

addition, in the number of labels, we noted three also, in the label size, we put 0.3 and 

finally, in the clustering algorithm, the walktrap was placed. The chart is divided into four 

quadrants and assigned four themes: motor themes (upper-right quadrant), niche themes 

(upper-left quadrant), emerging or declining (lower-left quadrant), and basic themes 

(lower-right quadrant). In motor themes, the well-developed research themes for 

advancing the field characterized by high centrality and density are plotted on the upper 

right and include simulation, digital twins, and artificial intelligence. The Niche themes 

are the highly developed themes without but still have a significant impact. They have 

high density but low centrality. Examples are the case study and the industrial application, 

among others. Emerging or declining themes are those that have low density and 

centrality, such as business process analysis. As far as the basic themes are concerned, 

they have high centrality but lower density. Such issues are related to process mining 

and manufacturing processes, which are also the foundation of the sector. 
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As can be seen from the thematic map, we observe that digital twins, artificial intelligence, 

and simulation are together. While studying a production line, we became interested in 

pieces like digital twins and artificial intelligence. We agree that the trend of the topic is 

to focus on simulation and artificial intelligence. Still observing the thematic map, 

especially the upper right quadrant, which is the essential part of interest to the scientific 

community, is the power of the process mining for the manufacturing sector. Process 

mining can potentially enhance industrial process simulation, as it is the driving force 

behind process mining in manufacturing. It will continue to be for years to come. The 

advent of the digital twin has introduced more digital technologies. In addition, artificial 

intelligence has great potential, which will continue to develop and is a connecting link. 

 

Figure 31. Thematic map of authors’ keywords. 
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3.2.1.3 Thematic Evaluation 

The thematic evolution map below illustrates the progression of keywords over three 

different periods: 2012-2017, 2018-2020, and 2021-2023. An observation is that process 

mining is a consistent theme throughout all three periods. Additionally, conformance 

checking and business processes were only present in the first two periods. Furthermore, 

a portion of the process mining in the first period transitions to data mining in the second 

period, and data mining in the third period evolves into manufacturing.

 

Figure 32. Thematic evaluation (authors’ keywords) 

3.2.2 Intellectual Structure 

   3.2.2.1 Co-citation network 

The image below allows for a critical analysis of the authors and the co-citation rate. 

Citation analysis measures how many times authors were cited together in the collection. 

Below, we see the network of authors' co-citations and the formation of created clusters. 

Groups with different colors have been created, which are cited more often. This results 

in the research and the definition of a primary study. To do the specific analysis, we 
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needed the help of biblioshiny software. As a guide to creating the following graph, the 

analysis was only for the first 50 authors. As we mentioned before, the network consists 

of 7 groups. The green group, the red group, the blue group, the yellow group, the brown 

group, the purple group, and the pink team. The green group consists of 7 

representatives, but the primary representative and head of the group. The author, Van 

der Aalst, is also considered the creator of process mining and one of the most influential 

persons in this field. The red group consists of 18 representatives grouping, for example, 

authors such as Leemans with a study on" Opportunities and Challenges for Process 

Mining in Organizations" [26]and Felix Mannhardt with a study on "Privacy Challenges for 

Process Mining in Human-Centered Industrial Environments"[7]. The brown group 

consists of 13 authors, which combines authors such as Dakic with a study on "[37]" and 

Rojas with a study on "Analyzing Variable Human Actions for Robotic Process 

Automation"[38]. The blue group consists of 4 authors, with the primary representative, 

author Lugaressi, with a study on "Automated Digital Twins Generation for Manufacturing 

Systems"[39]. The yellow group consists of 2 authors, with the primary representative, 

FRIEDERICH, who is active in the "Data-Driven Reliability Modeling of Smart 

Manufacturing Systems Using Process Mining"[40]. Finally, there are two other groups, 

which consist of one representative. 

 

Figure 33. Map of co-citation analysis of authors 
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 3.2.2.2. Historiograph 

The graph below depicts the historical development of the field. As can be seen, initial 

studies that examined the subject were conducted by Lee Ckh in 2013 with the paper 

"Mining transportation logs for understanding the after-assembly block manufacturing 

process in the shipbuilding industry,"[36] which concerns the block manufacturing 

process after assembly in the shipbuilding industry answering in 2 critical issues to reduce 

transport costs due to irregularities. The questions were "Which tasks are bottlenecks?" 

and "How long are the blocks waiting in the yards?" The process models provided 

conceptual models of processes as the solution and process times as a performance 

indicator. This has resulted in companies reducing transportation costs[41]. Also, a study 

was conducted by Park J in 2014 with the paper "An integrated approach for ship block 

manufacturing process performance evaluation: Case from a Korean shipbuilding 

company,"[37] which saw that a significant issue in the shipbuilding industry is the 

performance evaluation of the block manufacturing process (BMP ). The solution given in 

this work was a systematic approach to evaluate the performance of BMPs by integrating 

process mining (PM) and data envelopment analysis (DEA). This process was 

implemented by a Korean company, enabling better yields[42]. Since then, we noticed a 

gap of 5 years when the topic was less popular, but we see a growing network of authors 

emerging, exploring various issues within the field. Looking at the graph illustrates three 

crucial focal points, represented by Knoll d's work entitled "Enabling value stream 

mapping for internal logistics using multidimensional process mining" which provided a 

solution to the part of continuous recording, evaluation, and analysis of waste of each 

department and process within internal logistics by providing an MDPM methodology for 

professionals[43]. In addition, the author Garcia CD, in 2019, with his work "Process 

Mining Techniques and Applications – A Systematic Mapping Study"[44], reports the rapid 

increase of process mining. The author aims to map the active research topics of process 

mining and their leading publishers by country, journals, and conferences[44]. Finally, an 

essential factor in this graph is the author, Lugaressi G, who, in his work "Automated 

manufacturing system discovery and digital twin generation," studied a method of 

automatic discovery of production systems and generation of sufficient digital twins[39]. 
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Figure 34. Historiograph 

 

3.2.3 Social Structure 

  3.2.3.1 Countries collaboration network 

 

The figure shows a world map that illustrates collaborations between countries in process 

mining in industrial and manufacturing environments. The lines' thickness and the 

countries' color indicate the number and percentage of collaborations. Additionally, there 

is another figure detailing the network of partnerships. Each node represents a country, 

and the node's size indicates the collaboration level. The lines between nodes represent 

cooperation between countries, with thicker lines representing more intense cooperation. 

The graph shows a total of eight nodes. Germany has the most collaborations and 

research work. Germany shows strong collaboration with Austria and three other 

countries: Denmark, the Czech Republic, and Australia. Furthermore, there are strong 

collaborations between Colombia and France, as well as between Canada and Egypt. 
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Figure 35. Countries collaboration world map 

 

 

Figure 36. Countries collaboration network 
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3.2.3.2 Authors collaboration network 

In the graph below, we will see the network of collaborations between the authors. We 

notice that there are too many isolated groups of writers, and as a result, there is much 

fragmentation. One conclusion is that there are no cross-group collaborations. A few 

authors work closely with each other rather than with other groups. Also, another 

conclusion is that there is excellent specialization in the field of each group because they 

deal with specific things rather than with the whole range of topics. Finally, the subject 

we are studying is still at an early stage and has yet to mature, resulting in the lack of 

the broad collaborations required. As the field grows, more and more extensive 

collaborations will result in more information about our topic. 

 

 

 

Figure 37. Authors collaboration network 
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4. Discussions - Conclusions 

The thesis aims to systematically record existing works on the intersection of 

manufacturing and process mining and investigate the recorded scientific knowledge 

through a bibliometric approach. Through rigorous bibliometric exploration, we unveiled 

key trends and themes shaping the research landscape of process mining in industrial 

and manufacturing environments. Utilizing various science mapping methodologies, 

including historiography and collaboration network analysis, we explicated the 

conceptual, intellectual, and social structures within this domain, addressing the core 

objectives set forth by Research Question 2. Furthermore, from the analyses made in 

chapter 3, we saw that the development of technology has the consequence of increasing 

the possibilities of process mining, which, in combination with the digital twin and artificial 

intelligence, creates an environment that is more adaptable, dependable, and automated 

in industrial and manufacturing environments. 

 

4.1 Synthesis of bibliometric findings 
 

Building upon the synthesis of bibliometric findings, we will examine the key trends, 

emerging patterns, and critical insights drawn from the existing body of literature to 

provide a deeper understanding of the subject. We will refer to the correlation between 

the increasing trend of publications since 2012 and the rapid technological development 

of process mining in industrial and manufacturing environments due to many factors. 

Several key reasons contribute to this trend are: 

• Adoption of Industry 4.0: Industry is adopting Industry 4.0, a trend integrating 

physical systems into cyberspace. Due to Industry 4.0, there is an increase in process 

mining research as more industries acquire these technologies, the demand for 

process optimisation tools increases, increasing publications [12].  

• The swift advancement of technologies like artificial intelligence and digital twins and 

their integration in many fields with process mining have opened up new research 

horizons. This enables publications to explore specific topics by presenting various 

process mining applications for systems optimization [45] [46]. 
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• The increase in publications is created by the need for effective data analysis methods 

due to increased data production from industrial processes. In this way, the high 

interest in applying process mining to extract useful information from large volumes 

of data is reflected by the increase in publications [47]. 

In conclusion, the significant rise in publications since 2012, alongside the technological 

advancements in mining processes within industrial and manufacturing settings, 

underscores a vibrant and dynamic research environment. We are in an era in which 

technologies have become prominent in industries, and this results in our appreciation 

for the continuation of the growing trend of publications in the specific field with the aim 

of understanding and applying process mining for the optimization of industrial processes.  

The second part of the bibliometric findings synthesis focuses on an analysis that reveals 

Germany, South Korea, and Brazil as the leading countries significantly influencing the 

field of process mining within industrial and manufacturing contexts(Figure 20). The 

significant role these countries play in the field of process mining within industrial and 

manufacturing environments can be attributed to several key factors, including their 

advanced technological capabilities, strong focus on innovation, and strategic initiatives 

to leverage data-driven solutions for optimizing operational performance. 

Germany has the largest share of process mining. It has given great importance to the 

development of technology through Industry 4.0((Figure 5-three field plot), automation, 

and extensive data analysis. Through process mining, Germany and, therefore, German 

companies manage to improve decision-making processes[48]. Their technological 

development has made them leaders in the field. 

The second country with a high reputation in process mining is South Korea. This 

dominance is mainly attributed to significant investments in digital transformation. The 

country's manufacturing sector has gained high momentum, especially in the automotive 

industry and shipbuilding. Through the mining process, South Korean companies increase 

overall productivity[49] [50]. 
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The third country gaining momentum in the field is Brazil. Recently, it has made 

considerable strides in process mining (Figure 5-three field plot), especially in 

manufacturing. The growing need for operational efficiency has led Brazilian companies 

to adopt process mining techniques. 

In closing, these three countries dominate process mining in industrial and manufacturing 

environments due to technological development and culture, and economical support. 

The third aspect of the bibliometric findings addresses the fragmentation observed in the 

collaborative network among researchers focusing on process mining in industrial and 

manufacturing contexts. Several reasons contribute to this phenomenon:  

• Based on the data we examined in the thesis, it was noted that the researchers come 

from diverse backgrounds. This results in complex collaboration between them due to 

a lack of understanding of the field's terminology 

• Moreover, researchers lack common recommendations because of the broad scope of 

process mining and its application across almost all industries. 

• Lastly, another factor pertains to the geographical distribution, which, as discussed in 

Chapter 3, is dispersed, making it more challenging to establish collaborative networks 

among researchers (Figure. 37) 

Finally, regarding bibliometric findings, we will refer to the dominant role of Van der Aalst. 

As Wil van der Aalst is considered the godfather of process mining, it is quite natural that 

he has a significant role in the co-citation networks in the specific field. His leadership, 

influence, and research in the field have shaped the methodologies and made him 

dominant in process mining[8]. 

The significance of Van der Aalst's contributions is considerable, with his work carrying a 

substantial influence in the field evidenced by the frequency with which Van der Aalst is 

cited together with other researchers (Figure 33) and that his work is often cited among 

theirs. So, it is fully understood that his work, Van der Aalst, is a source of inspiration for 

future studies by other researchers. He has developed and defined all the basic concepts 
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with which process mining works, such as event logs and process models for extracting 

useful information[51]. 

4.2 Thematic evolution  

The second area that the thesis will deal with is the thematic development of the area, 

which will be divided into three topics. We will begin by examining the shift from 

traditional process mining methodologies to the integration of digital twins and artificial 

intelligence, highlighting the transformative impact of these advancements on the field 

(Figure 31). 

Recent technological development has enabled the transition from traditional mining 

processes to digital twins and artificial intelligence, enabling organizations to evolve and 

optimize their processes continuously. 

As for traditional process mining, it is known to extract information from event logs. It 

detects process bottlenecks and inefficiencies and ensures process optimization[52]. 

However, some things could be improved in traditional process mining, such as 

customizing in actual conditions or complex environments. These issues come to be 

solved by digital twins and artificial intelligence. The digital twin is a digital copy of a 

process in real time. 

Digital twins continuously collect data using advanced technology, enabling organizations 

to simulate scenarios, predict outcomes, and optimize performance in real-time. They 

enable instant response and flexibility in various changes and processes [39]. In 

continuation of the digital twins, artificial intelligence further develops the processes, 

allowing intelligent automation and analysis. Artificial intelligence enables the analysis of 

vast amounts, something the human factor could not do. It enables organizations to make 

decisions effectively without cost as it can provide information about what happened and 

for future use[53]. 

So, the transition from traditional process mining to digital twins and artificial intelligence 

enables organizations to innovate and evolve. The ability to achieve processes in real-

time as well as predict results allows businesses to take risks and move forward with new 

ideas without considerable risk[15]. 
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In summary, the transition from traditional process mining to digital twins and artificial 

intelligence has been a tremendous development for organizations because by leveraging 

all data in real time, organizations have achieved greater efficiency and flexibility in 

processes. The correct use of technology and the new methods constantly being created 

can only benefit organizations so that they can respond to market demands[54]. 

The second part concerns the analysis and explanation of the stability of some issues, 

such as process mining, and the evolution of others. according to the analysis made in 

chapter 3 of the thesis, the process mining sector in industrial and manufacturing 

environments is stable; however, some technological changes related to the sector are 

also observed. According to the thematic map (Figure 31) and the co -occurence network 

(Figure 30) Process mining's stability is due to its fundamental principles. Extracting data 

from event logs ensures that organizations understand and improve processes. Also, a 

constant issue is data quality, as their reliability is essential for analysis and decision-

making. 

Finally, industries' need for process transparency requires organizations to comply with 

regulations by ensuring that certain process mining practices remain stable over time. 

Regarding the evolution of some issues in process mining, as mentioned earlier in the 

thesis, the development of technology and the integration of technologies such as 

artificial intelligence and simulation bring a new air, a significant technological 

development [55]. They enable more accessible analysis and prediction of problems 

compared to older methods. Progress has also been made in visualization and analysis, 

which has happened with the development of more advanced visualization techniques. 

In summary, while there is a solid basis for process mining according to its principles, 

technological development promotes changes and improvements in the field, creating a 

more flexible and functional environment for organizations.    

  

The third part concerning the thematic development refers to the commentary on 

simulation and artificial intelligence as motor themes. According to Figure 31, from the 

analysis of the thematic map, simulation and artificial intelligence appear to be central 
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themes in process mining in industrial and manufacturing environments. This analysis 

shows the technological development in the field to optimize activities. Process mining 

works by extracting information from event logs, but technological development allows 

the field to offer more advanced tools for better performance. 

This development is not simply technological but also a change in mentality, giving 

organizations the power and ability to acquire a new and more reliable strategy—a 

strategy of prevention based on specific data. Analyzing each piece separately, simulation 

enables organizations to model various scenarios and understand possible outcomes 

before implementation. It allows companies to be one step ahead and find bottlenecks. 

The combination of process mining and simulation enables the prediction of the 

consequences of strategic decisions. 

Artificial intelligence analysis could be the capability of process mining. By using more 

advanced data analysis techniques, various anomalies and problems that are not 

apparent with traditional methods are identified through the evolution of technology and 

algorithms. Another possibility that artificial intelligence provides is the prediction of 

problems, rapidly reducing the cost of the business. The combination of simulation and 

artificial intelligence in process mining provides flexibility. By the term flexibility, we mean 

the ability of organizations to adapt to changes that occur with the use of tools[53]. 

In conclusion, simulation and artificial intelligence in process mining improve the 

environment by enhancing business dynamics. This development highlights the 

importance of utilizing advanced technologies to remain competitive in a world 

increasingly based on data[56]. 

 

4.3 Research gap  

Several critical gaps can be identified regarding research opportunities, which warrant 

further exploration to deepen our understanding and drive future advancements in the 

field. As seen from the analysis in the graph of Figure 37, there are very few international 

collaborations between researchers. This may be due to many factors, such as the fact 

that we are discussing a subject at an earlier stage. As the field grows, the information 
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and, therefore, the international collaborations between researchers will increase. In 

addition, the fragmented knowledge could be mentioned, which concerns the need for 

standard components in methodologies, processes and technologies that differ from 

country to country, making it difficult for organizations to align with common goals (Figure 

36). In addition, a significant problem in international collaborations is the limited 

availability of resources. When we refer to resources, we are explicitly talking about the 

lack of funding. Finally, some companies and researchers fear intellectual property rights, 

as they are concerned that sharing information may create situations of competition 

rather than cooperation. 

Reviewing the existing literature, it is evident that more attention needs to be paid to the 

connection between the theoretical framework of process mining and its practical 

application. An essential parameter regarding process mining is the discrepancy between 

the theoretical principles and the actual application of the method in manufacturing and 

industrial environments. Although process mining enables the analysis and optimization 

of processes based on their functioning, the inherent difficulties and complexities of the 

natural world result in conditions not conducive to practical process mining. This results 

in the need for more successful implementation in the real world. To fully understand the 

discrepancy between the theoretical and practical application of process mining, it should 

be mentioned that on the theoretical side, process mining techniques effectively extract 

valuable information from event logs, enabling organizations to identify bottlenecks and 

non-functional methods in production[56]. In this way, they optimize the processes. 

However, some questions and difficulties arise when applying the technique, which can 

be due to insufficient data quality.  

Due to the complexity of the tasks in manufacturing and industrial environments and the 

rapid change of the processes, the models used in a theoretical background often need 

to align with the real ones. Applying theoretical knowledge to real applications is critical 

to an organization's development. 

The methods proposed to address this problem include applying a combination of 

knowledge and experience[57]. One way to achieve this would be to train the staff 
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continuously in the practical implementation of process mining. Moreover, one way is to 

test process mining applications for the best results constantly. In addition, there could 

be a campaign to promote and improve the cooperation of researchers and professionals, 

i.e., the people responsible in the theoretical and practical context of process mining, 

allowing further improvement in natural processes. This cooperation gives the ability to 

ensure that theoretical developments provide solutions to real problems and applications. 

4.4 Future research directions  

The next chapter of the thesis concerns the examination of the outlook for future 

research, emphasizing future opportunities and key areas that require further research 

to move the field forward. 

For successful international collaboration in the future within the domain of process 

mining in industrial and manufacturing settings, it is essential to develop various 

strategies and approaches, such as: 

• The rapid development of the digital age enables the creation of collaborative 

platforms that allow researchers from different countries to communicate, discuss and 

exchange ideas. 

• Moreover, researchers are allowed to network and exchange ideas even through 

various international conferences on process mining in industrial and manufacturing 

environments. 

• Also, there should be programs that support collaborative research through funding. 

Another method of strengthening international collaborations is to give priority to student 

and researcher exchanges between institutions, enabling close collaborations and trusting 

relationships between researchers. 

• Finally, the internet's possibilities help us create frequent webinars and meetings, 

transferring knowledge between researchers without requiring frequent trips. 

Moving forward with these strategies, research work will be strengthened, leading to 

optimal results in industrial and manufacturing environments. 

University institutions and various companies should cooperate to develop research 

projects, allowing researchers to engage with research's theoretical and practical aspects. 
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A second method concerns various types of seminars in which sector researchers can 

present to sector professionals. The aim is to facilitate communication between the two 

sectors and allow the exchange of knowledge between them. 

In addition, the development of pilot projects allows us to evaluate the effectiveness of 

theoretical knowledge. This allows us to pinpoint and resolve any mistakes, guaranteeing 

the best possible outcome. 

Another method would be to create internships for students in process mining in an 

industrial and manufacturing environment. This would move students from the theoretical 

to the practical and allow industries to acquire new and fresher knowledge and ideas for 

the sector. 

Since we are currently in a digital age, the most logical thing we can do is to use the 

Internet through various online platforms for knowledge, such as online courses or 

seminars. This can help bridge the knowledge gaps between researchers and 

practitioners. 

Also, as mentioned before, financial incentives-sponsorship 

can be given to research projects that aim to solve an industrial problem. One of the 

results will be the application of the findings in practical settings. 

Finally, organizing conferences in the field brings together researchers and practitioners 

in the field, reducing the gap between them through collaborations and the exchange of 

ideas 

The application and use of these methods will allow the field to develop and bridge the 

gap between the theoretical and the practical parts. 

 

4.5 Impact on the industry  
 

The following section focuses on the implications for the industry. It begins by analyzing 

how the findings align with Industry 4.0's emerging trends, highlighting their potential to 

drive transformation and innovation in the sector. 

Due to the digital evolution and development of Industry 4.0 technologies, changes are 

observed in industry practices. There seems to be a convergence between the findings 
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and trends of Industry 4.0 related to the critical role of digitization and data-based 

decision-making. 

The first correlation between findings and Industry 4.0 is the important role that digital 

technologies should have in production, which correlates with Industry 4.0's tendency to 

exchange data in real-time. Another point of correlation concerns automation, which 

corresponds to our research and industry 4.0. Automated systems enable productivity 

enhancement[12]. 

Finally, one more correlation concerns the high importance it has the Supply chain 

collaboration needed to optimize processes that are in line with the trend of Industry 4.0. 

The conclusion drawn is that organizations must move forward with new technological 

developments to remain competitive. 

The second sector in the industry emphasizes the practical implications of integrating 

digital twins and artificial intelligence, an in-depth analysis of their capabilities, and the 

promotion of innovation in various industries. The integration of digital twins and artificial 

intelligence results from the rapid growth of technology. Impacts on the industry from 

this development can be[58]: 

The real-time simulation and modelling capabilities of digital twins combined with the 

predictive capabilities of artificial intelligence provide better information for decision-

making and future outcomes. 

In addition, the combination of artificial intelligence and digital twins, with the help of an 

algorithm on data generated by digital twins, enables industries to predict various 

outcomes, such as whether the equipment will succeed or fail. The benefit that an 

industry can get from this process is preventive maintenance, reducing costs, and 

extending the life of the equipment [59]. 

It is also clear that integrating the two processes identifies bottlenecks and inefficiencies 

in real-time. This results in high productivity and reduced operating costs through artificial 

intelligence's analysis capabilities. 

Also, due to digital twins' capabilities to create prototypes or test new products in a virtual 

environment, product development and design have evolved.  
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Another important benefit of digital twins is the capabilities they give the company for 

workforce training and safety. This can be achieved due to the ability to simulate 

environments for educational purposes, allowing employees to practice procedures in a 

virtual, risk-free environment that, with the help of artificial intelligence, enhances 

learning outcomes and safety. 

Another possibility given by the collaboration of digital twins is a complete picture of the 

supply chain, allowing organizations to optimize logistics. These results give the company 

room for development and customer satisfaction, which guarantees its success. 

We are at a significant turning point regarding the energy efficiency of industries. Through 

digital twins and artificial intelligence it is possible to monitor energy consumption 

patterns and implement various sustainable solutions to save energy and thus reduce 

costs[54]. 

As well a very important tool that the union of digital twins and artificial intelligence 

provides is customer satisfaction. This can happen by creating offers suitable for the 

entire range of customers through the analysis of customer feedback as well as product 

performance. In this way, businesses innovate and adapt based on consumer demands.  

Finally, one of advantage of the collaboration of the two technologies is the 

encouragement of collaboration between different departments, promoting innovation 

and problem-solving. 

In summary, the practical implications of integrating digital twins and AI in industry are 

enormous, leading to improved efficiency, improved decision-making and innovative 

approaches to product and service delivery. As these technologies continue to evolve, 

their impact on various industries is expected to increase significantly, offering new 

opportunities for competitive advantage[58]. 
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4.6 Methodological reflection  
 

Another chapter of the thesis concerns methodological reflection that critically examines 

the limitations encountered in data collection and analysis. It focuses on identifying key 

areas where these constraints may impact the findings and proposing strategies for 

overcoming them in future research. Several limitations should be considered when 

collecting and analyzing data in process mining in industrial and manufacturing 

environments. 

The first of the main limitations concerns data quality. In order to make correct decisions, 

there must be correct data to lead to correct decisions[52]. In addition, a vital part 

concerns privacy and security, as an issue is data protection. The challenge that emerges 

is that, in order to ensure data protection, certain limitations are imposed on how 

accessible that data can be[7]. There is a big gap in terms of human resources. Because 

this technology is constantly evolving and is relatively new, there needs to be specialized 

personnel who will work effectively. One way is to train human resources with an increase 

in financial resources. Time is also an essential factor. Delays in data collection can affect 

data quality. Finally, installing this technology and systems becomes expensive, especially 

for small and medium-sized enterprises. In summary, by solving these limitations, 

organizations can gain efficiency in analyzing and collecting data in process mining. 

 

4.7 Conclusion 

 

The conclusions we drew from the thesis, according to the bibliometric maps that were 

produced, concerned the period from 2012 to 2023(Table 2). With the help of the 

bibliometric program software, we managed to draw meaningful conclusions for thesis 

and future research. The analyses showed that the research in the mining process applied 

in industrial and manufacturing environments has been increasing over the years, 

concluding that it is a new method that, in the past, did not have the corresponding 

development. However, we see that in recent years, in conjunction with technology 

development, it has acquired a strong momentum. The evolution of process mining, in 

combination with the rapid development of the digital twin in collaboration with artificial 
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intelligence, significantly affects the environmental and manufacturing environments in 

terms of positive development. The transition from traditional process mining to digital 

twins and artificial intelligence has been a tremendous development for organizations 

because by leveraging all data in real time, organizations have achieved greater efficiency 

and flexibility in processes. Regarding bibliometric trends and trends of influence of 

process mining in industrial and manufacturing environments, it could be mentioned that 

the highest point about process mining in industrial and manufacturing environment was 

reached in 2018 with 26 articles (Figure 3). The first research was recorded by the authors 

Lee Ckh and Park J in 2014(Figure 34). We should mention that from the analysis, the 

conclusion is that the most productive and central active countries in the field of process 

mining in industrial and manufacturing environments are Germany, South Korea, and 

USA. We also see that Germany, Korea and Brazil have the most articles by authors from 

the same country (Figure 17), and such publications represent collaboration within the 

country. Countries such as Germany and America have the most publications, with 

authors belonging to different countries representing an international collaboration 

between countries. Finally, we see strong cooperation between Germany, Austria, 

Denmark, the Czech Republic and Australia (Figure 36). We also see close ties between 

Colombia, France, Canada, and Egypt. As for the most productive countries over time, 

Germany and Korea have been in the first positions. Even in terms of the countries with 

the most reports, we mention that Brazil with 212, and Germany with 208, are the 

countries with the highest (Figure 20).  

Regarding the authors of process mining in industrial and manufacturing environments, 

the total number of authors in the 163 articles is 448 (Table 2). According to the graph, 

we notice that Santos eap is at the top of the list regarding process mining in industrial 

and manufacturing environments with nine documents followed by Rinderle-mas with 

articles such as "Expectations vs. Experiences - Process Mining in Small and Medium" 

Sized Manufacturing Companies"[25] and van der Aalst with an article such as 

"Opportunities and Challenges for Process Mining in Organizations: Results of a Delphi 

Study"[26] in second and third place respectively with six articles (Figure 11). Santos eap 
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and Scalabrin ee were recognized as the authors with the most references, 25 and 21, 

respectively. The search for the thesis was done in a database on the Web of Science in 

which Cleiton dos Santos Garcia's work has 130 global citations in the field of expert 

systems to applications [21]. In second places, Juan Jesus Roldan, who wrote an article, 

Robotics and Computer-Integrated Manufacturing [29], with 85 citations. 

The conclusion reached is that this field will concern us a lot in the present and in the 

future open the way to new research that makes possible the further transfer of the 

knowledge that is created, facilitating and promoting new research in the scientific 

community. 
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