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Abstract 

Digital twins deployed in production are important in practice and interesting for research. Currently, mostly structured data 
coming from e.g., sensors and timestamps of related stations, are integrated into Digital Twins. However, semi- and 
unstructured data are also important to display the current status of a digital twin (e.g., of a machinery or produced good). 
Process Mining and Text Mining in combination can be used to support the use of log file data to understand the current state 
of the process as well as highlight issues. Therefore, issue related reactions can be taken more quickly, targeted and cost 
oriented. Applying a design science research approach; here a prototype as an artefact based on derived requirements is 
developed. This prototype helps to understand and to clarify the possibilities of Process Mining and Text Mining based on log 
data for production related Digital Twins. Contributions for practice and research are described. Furthermore, limitations of the 
research and future opportunities are pointed out. 
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1. Introduction 

Digital Twins are an important key technology in general [1] and in particular for industrial production [2,3]. 
Digital Twins enable the possibility to show the current configuration of the physical entity and their current (live) 
state [4]. They consist of three important parts [5,6,7,8]: the real-world physical object or entity; the virtual model, 
and the data connecting both worlds. Using digital twins, enterprises can improve efficiency and costs [4, 9]. 
Furthermore, enterprises can thereby obtain a benefit from a better planning, monitoring, visualization in real-time 
and over the whole life cycle [10]. This can be used to show the real state and related data [4,10] of the machinery 
or goods within the production, in example. 

In current configurations, mostly structured data like sensor data and timestamps per station are shown (e.g. 
[16]). However, when it comes to production related issues particularly semi- and unstructured data is needed to 
understand the circumstances and solve the malfunction. There are different possibilities to integrate non-
structured data into a production related digital twin. In the following, an approach focusing on the combination 
of process mining and text mining is described; process mining finds the issue within the process and text mining 
analyzes and highlights the identified issues (e.g., from log files). 

Therefore, this research paper aims to answer the question: “How can a prototype analyzing log-file data with 
Process Mining and Text Mining be designed to enrich production related digital twins?”  

To answer this research questions, the paper is structured as follows. First an overview about the technological 
background is given. Based on a design science research approach according to Hevner et al. [11] a first prototype 
as an artefact is developed upon identified requirements and objects. Finally, a conclusion and discussion are given. 
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2. Theoretical Background 

The integration of different variants of data is a current challenge for implementing digital twins [10]. But, without 
the integration of also semi- and unstructured data like textual data (e.g., log files), images or sound into digital 
twins the intended big picture of the related physical object (e.g., machinery or production line) is not possible 
[18,17,10]. In general, companies mostly use within their digital twins structured data like temperature, pressure, 
time, etc.  (e.g., [16] [17]). This data is commonly stored in different, heterogeneous systems and therefore, it must 
be centrally integrated into the Digital Twin [10]. 
Log files are an important source to show the live state of a machinery or production line [19,20]. If an issue occur, 
log files can be used to show and analyze the root cause. To analyze log files from a technical point of view process 
mining techniques can be helpful. According to van der Aalst [13,14] process mining can be consulted to discover, 
monitor and improve real processes based on real event data from event logs. For instance, log files from machines 
or production lines can be used as event logs through process mining. Based on the log files, information about 
the production process can be obtained (e.g., current state of the manufacturing of parts; issue while performing 
production step a,b,c). Here, process mining can help to reconstruct the different process steps through process 
discovery [15]. Furthermore, through the technique of process mining conformance [15], an existing process model 
can be checked in comparison with the real event log. Hence, the difference between the modelled production 
process and the real, executed production process can be comprehended and evaluated. Processes can be improved 
based on identified production bottlenecks, for example. Therefore, another process mining technique called 
enhancement [15] can be applied. To implement process mining techniques machine learning frameworks such as 
pm4py [22] from Fraunhofer and process mining tools e.g., from Celonis, ARIS or Signavio can be used.  
Besides the discovery and reconstruction of the production process through process mining, it is important what 
happened within the log related machinery (e.g., is everything correct /or warnings /or errors?). The information 
from process mining only shows different steps of the machinery or related production process. But when it comes 
to an issue or a deeper analysis this is insufficient. It is not enough to know the step. Additionally, it is high 
important to know what was done exactly within the step(s). To gain these relevant insights text mining techniques 
[12] can be used to analyze the topics of a log file. First, the text must be pre-processed by converting it into 
different tokens [12]. Second, a case conversion, stop word removal etc. can be done upon individual configuration 
of the algorithm using text mining [12]. After, the implementation can be done e.g., through machine learning 
python libraries such as NLTK or data analytics tools like Rapid Miner. When it comes to automation, machine 
learning libraries should be chosen instead of graphical data analytics tools based on our experience. In the 
following the theoretical foundations are used to develop a prototype integrating not structured data into digital 
twins. 

3. Development of the Prototype 

To answer the research question, a first prototype as an artifact according to Design Science research [11,23] is 
developed. In accordance with this method [11,23] the artifact is developed based on established methods (see 
section 2 and 3). The objective of this prototype is to analyze log file data with process mining and text mining to 
enrich production related digital twins. This is important for practice and research as well to understand the current 
production process and to realize a fast root cause analysis. A first evaluation of the prototype is done by testing 
the collected requirements with the developed prototype. Hence, this should be followed by further evaluations in 
different case studies and practical scenarios. After the development of the prototype is described in the following, 
the contribution is stated in section 4. Furthermore, the paper is part of the needed communication of the research 
and design as a search process [11,23]. The prototype should cover the following core requirements (using methods 
described in part 2 of the paper): (1.) analyze data from different production related log files with a pre-defined 
timestamp, (2.) reconstruct the current production related process through process discovery (process mining), (3.) 
show insights into the different identified process steps through text mining, and (4.) provide results to a central 
production related digital twin system. 

The prototype is developed using the programming language python version 3. The different functional methods 
of the system can be accessed via a defined REST-API as microservices. For the implementation the fastapi 
framework is used. This allows for a scalable use in real production scenarios and a convenient integration into 
existing IT system landscapes. 

To fulfill the requirement, (1.) the event log data can be loaded (e.g., csv or later as a .json file) into the system. 
The data is transformed to an analyzable form using the library “pandas”. The data structure should be defined in 
the following format: (a.) Timestamp, (b.)) ID, (c.) ProductionStep, and (d.) LogMessage (maybe additionally 
LogLevel). The timestamp is later used to reconstruct the concrete production related process and order of the 
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production steps based on the individual ID (e.g., ID/serial number of a produced good). The log message in the 
following case consists of the current logging state and its related description/message. It can be filtered by the 
loglevel, too [27, 26]. 

An example of the data structure is shown in Table 1. 

Table 1. Example of the event log with log file message 

 

(a.) Timestamp 
 

(b.) ID (c.) ProductionStep (d.) LogMessage 

26.05.2022 09:30 812 A Error while loading data […] 

26.05.2022 09:32 813 A Everything correct 

… … …. …. 

 
To reconstruct the process (requirement (2.)), the process mining discovery technique [15] is applied. Therefore, 

the collected event log data is analyzed with the process mining python framework pm4py [22]. As a result, a 
process model of the production process can be gained. An example is shown in Figure 1. Based on the example 
displayed in Figure 1, first insights into the process can be discovered. For instance, it shows that there are different 
process variants for the same process with a different order of production steps. Furthermore, loops at every 
production step might provide first insights into some possible issues during the production steps, too. For more 
insights about possible issues the implementation of the next requirement focusing on unstructured textual data is 
needed. 

 
 

Figure 1: Example of a production process discovered with the usage of Process Mining discovery techniques via pm4py 
 
Fulfilling requirement (3.), insights of the log messages of the different identified process steps through text 

mining need to be done. For implementation the log messages must be pre-processed using text mining techniques 
[12] like tokenization, stop word removal etc. Here, this was implemented via the NLTK framework [25]. 
Furthermore, a wordcloud technique [21] was used to visualize the occurrence of identified issues when a failure 
log occurs. An example of the analysis can be found Figure 2. LDA [24] or other analysis and pre-trained classified 
models can be also useful. Here it is necessary to note that they must be fine-tuned by human experts. 
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Figure 2: Example log message analysis of a failure 
 
As a result, log files provide insights into the different identified process steps and related issues. And, the 
wordcloud vizualizes the most important topics of the issues (e.g, “data”, “read”  database issues) for every 
process step. This can later taken into account for a root cause analysis and the production process's improvement 
based on the central production related digital twin view. 
To implement and connect everything into the digital twin (requirement (4.)) the data can be transferred upon 
REST API request based on the individual ID (e.g., of the machinery or produced good). Therefore, semi- and 
unstructured data (like textual data/ log files) can be integrated into the digital twin like other existing sensor data 
such as temperature and/or pressure. The implementation can be done via the fastapi Python framework. 
Furthermore, more other unstructured data sources [18] like images, sound, etc. can be integrated via a REST-API 
into a digital twin. The data must be analyzed with related methods and results should be automatically transferred 
to the digital twin.  
Figure 3 summarizes the steps necessary to cover requirement (4). As it shows, the production related digital twin 
is not only visualizing the current state of an e.g., machinery or good, based on the structured sensor data like 
temperature. It connects and integrates also to semi- and unstructured data [18,10] sources and enables a broader 
view and deeper investigations (e.g., for root cause analysis through process and text mining results). The digital 
twin’s visualization can be realized in different ways like in a self-developed app, using a framework or standard 
data visualization solutions, or via dashboard tools like Tableau, QlikView, Grafana, Microsoft PowerBI, etc. 
 

  

Figure 3: Overview / Summary Integration of different data types 
 
These new integrated data sources and consecutively, the digital twin’s improved informational content then, can 
be used at the shopfloor level to e.g., find bottle necks and possibilities for improvements. Furthermore, root cause 
analysis may speed up and enhance the competitiveness of the factory. 

4. Conclusion & Discussion 

The integration of different data sources with a different structure is a challenge in the current implementation 
of digital twins in practice [10]. This may hinder the benefits of using this important technology. Production state 
and failure prevention can be more accurate using such data.  

The paper answered the research question how a prototype analyzing log-file data with process mining and text 
mining can be designed to enrich production related digital twins. The prototype was developed in python and 
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designed in a scalable way as microservices accessed and integrated via a REST API. The developed prototype 
integrates ideas from process mining [15] and text mining [12].  

Different contributions can be derived. The scientific community can benefit from new insights how to improve 
production related digital twins based on semi- and unstructured data. The broader the database, the more 
production related insights can be gained. It extends the current work of the data integration challenges of digital 
twins and the usage of unstructured data in Industry 4.0 [10,18] by answering how to integrate log files. 
Furthermore, the prototype can be used to improve the current production processes as well as issue handling to 
react fast, targeted and cost oriented. 

Due to the nature of a first prototype several limitations can be derived. The prototype was not evaluated in a 
productive industrial setup. Therefore, the prototype should be evaluated in an industry case using case study 
method. Furthermore, evaluations and variants due to different production sectors should be done. 
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