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Purpose: Active product life cycle management contributes to supply chain optimi-

zation. However, in nowadays industry the high number of variants and backward 

loops complicate tracing the entire product lifecycle in an ERP system. Conse-

quently, product lifecycle and corresponding process-organizational optimizations 

are difficult to implement using established analysis. The aim is to challenge process 

mining as an alternative to address these aspects. 

Methodology: This paper, therefore, applies process mining to the ERP data of a 

component manufacturer in the metalworking industry. For this purpose, optimiza-

tion potentials are derived from a literature research and subsequently validated by 

the application of process mining. Thereby, the data sample comprises 202 products 

with 15,000 corresponding activities, which were accumulated in the period 2017 to 

2019. 

Findings: Process mining reveals the product lifecycles and allows to take different 

analysis perspectives, such as a market or product category view. Firstly, potentials 

in a variant-driven business for PLM will be elaborated. Secondly, process-organiza-

tional recommendations for the product management are developed. Thus, this pa-

per offers a concrete approach to mapping and analyzing the product lifecycle by 

application of process mining. 

Originality: On the one hand, current analysis tools used in ERP systems merely as-

sess the products actual status. On the other hand, PLM systems are regarded as 

costly due to the complexity but also a continuous process view is not its main focus. 

Nevertheless, there is little literature on alternatively using process mining in this 

context.  
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1 Introduction 

Effective data management is a prerequisite for large manufacturing com-

panies that have to "handle considerable amounts of data" due to broad 

product ranges with numerous complex products that are tailored to the 

customer (Saaksvuori and Immonen, 2008, p.5.). One concept for meeting 

this challenge is Product Lifecycle Management (PLM) (Saaksvuori and Im-

monen, 2008, p.3.). Stark (2017, p.13) defines PLM as "the business activity 

of managing, in the most effective way, a company's products all the way 

across their lifecycles; from the very first idea for a product all the way 

through until it is retired and disposed of". Stark (2020, p.6) further specifies 

the phases that a product goes through in its life cycle from the perspective 

of a manufacturing company as Ideation, Definition, Realization, Service and 

Retirement. 

The origins of PLM lie in the Engineering Data Management (EDM) and Prod-

uct Data Management (PDM) of the late 1980s, where the aim was handling 

the increasing number of Computer Aided Design (CAD) drawings 

(Saaksvuori and Immonen, 2008, p.2). The objectives of PLM today, how-

ever, are strongly focused on process optimization for the purpose of finan-

cial performance, time reduction, quality improvement and business im-

provement as Stark (2020, p.17) shows. As examples of business objectives, 

he cites the extension of product life to increase revenues, reduce develop-

ment costs, reduce time to market, reduce customer complaints and in-

crease the product release rate. 

Special systems exist to support PLM. However, there exist some challenges 

in this context. Before benefiting from a PLM system, the initial setup is the 
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first obstacle. PLM systems are complex and accompanied by certain de-

pendence on the software provider, especially when problems arise. Fur-

thermore, investment costs of around € 500,000, such as those incurred by 

an engineering firm with 220 employees, also illustrate a financial issue. 

(Hansen, 2008) 

It finally turns out that the spread of PDM and PLM software is not yet as 

widespread as a telephone survey conducted in 2017 with 505 managers 

interviewed, from German industrial companies with at least 20 employees 

who are responsible for digitization in their company shows. While CAD 

software is used by 92% and 5% are planning to use it, only 41% use PDM 

or PLM software and only 8% are planning to use it. (Bitkom Research and 

Autodesk, 2017) 

An alternative way to analyze product life cycles is to analyze activities, dig-

ital footprints, in the Enterprise Resource Planning (ERP) system, that are 

tied to the material master information. In an ERP System, materials are 

created, changed and used in system applications: In SAP, for instance, the 

material master is created using transaction MM01 (Frick, et al., 2008, p.59). 

The material status is then maintained in the basic data sheet and to re-

main with the SAP example, this is done in transaction MM02 (Benz and 

Höflinger, 2008, p.88). This status indicates whether restrictions exist for 

the usability of a material and what these restrictions are. For example, a 

material can be in development or a discontinued material (SAP Help Por-

tal). Thereby, the selection options for determining the respective material 

status can be defined as company-specific. All those changes and activities 

that are executed in an ERP System are stored and allow to analyse  product 

life cycles with ERP data.  
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However, in nowadays industry the high number of materials and back-

ward loops complicate tracing the entire product lifecycle in an ERP system 

using established analysis. Therefore, product lifecycle and corresponding 

process-organizational optimizations are difficult to implement. Since pro-

cess mining is already applied for other typical process analyses (e.g. pur-

chase-to-pay or offer-to-cash) in an ERP system, it can be an effective alter-

native for life cycle tracking. The reason is that process mining allows to 

analyze large amounts of data from the ERP system in a chronological con-

text, based on timestamps (Van der Aalst, 2011, pp.10-13). To examine the 

suitability of process mining for product life cycle analyses, the following 

research question arises in this paper: 

Which optimization potentials can be identified by the analysis of product life 

cycles applying process mining on ERP data? 

Therefore, the goal of this paper is to apply process mining in a practical 

use case on the data set of an industrial manufacturing company for the 

analysis of product life cycles, document the results and thus answering the 

research question. For this purpose, 202 materials that reached the end of 

the product life cycle have been selected from a manufacturer's make to 

order business model. The data comes from the ERP system SAP. The anal-

ysis is carried out with Celonis process mining software, which is accessible 

for academic purposes (Celonis SE, 2020). 
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2 Process Mining for the ex-post Analysis of as-is 
Processes 

In order to optimize processes in companies, two steps must be carried out 

beforehand. First, it is necessary to know the processes. For this purpose, 

data regarding as-is processes is collected. This can be done, for example, 

by means of widely used methods such as observations, interviews, work-

shops or the analysis of existing documents or information from IT systems. 

Secondly, processes are systematically analyzed to identify weaknesses. 

(Brunner et al., 2017, pp.25-27 and 45f) 

The process analysis is the decisive step in the preparation of decisions and, 

therefore, described in the following. 

2.1 Process analysis 

The systematic analysis of weaknesses is often done with checklists accord-

ing to certain perspectives, which also help to identify the causes of prob-

lems that have occurred (Best and Weth, 2010, p.85). 

These qualitative considerations are reviewed and supplemented by quan-

titative calculations and simulations. The quantitative process analyses 

can be divided into ex-ante, real-time and ex-post analyses, depending on 

the time of the process analysis. Real-time analyses as process monitoring, 

take place in real time, as the name suggests. Ex-ante analyses are per-

formed before the actual process execution, for planning purposes. An ex-

ample is process simulation with plan data. Ex-post analyses are carried out 

after process execution. This allows problem areas such as long lead times 

to be identified retrospectively. A well-known ex-post analysis method is 

process mining. (Kühn and Bayer, 2013, p.137f). 
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Van der Aalst (2011, p.8f) describes process mining as "the idea (…)  to dis-

cover, monitor and improve real processes (i.e., not assumed processes) by 

extracting knowledge from event logs readily available in today’s systems". 

According to him, the process-relevant data is scattered across different 

Process Aware Information Systems (PAIS), such as classic ERP systems and 

many more. In view of analyzing the product life cycle, it is relevant, as de-

scribed in the introduction, that the material status is maintained in the 

ERP system. The changes in the material status are the results of operative 

processes, which are documented in the ERP system. In addition, ERP sys-

tems directly provide the event logs relevant for process mining (van der 

Aalst, 2011, p.8f). For this reason, process mining is a suitable process anal-

ysis technique for retrospectively analyzing the actual life cycle of products, 

thereby uncovering potential for improvement in the processes. Thus, Pro-

cess Mining is described in the following. 

2.2 Process Mining 

Process mining is a relatively young field. In the beginning, small amounts 

of data were available. Therefore, the algorithms were not very useful in 

practice. Currently, however, process mining is of great importance in pro-

cess management theory and practice. (Van der Aalst, 2016, p.20) 

Nowadays, the data available in PAIS support whole processes and not in-

dividual activities. In addition to ERP systems well-known representatives 

of PAIS are Customer Relationship Management (CRM) systems, Workflow 

Management (WFM) systems, Business Process Management (BPM) sys-

tems, call center software, high-end middleware and many more. These 

systems are aware of the process as the completion of one activity triggers 
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another activity, for example. Secondly, however, there are information 

systems that only execute individual steps in the process. These include, 

among others, database systems, mail programs or spreadsheet programs. 

These informations systems cannot be actively involved in the manage-

ment or orchestration of the process, because they store process-relevant 

information in unstructured form. These information systems store pro-

cess-relevant information in unstructured form. For example, event data is 

scattered over many tables. In such cases, event data does exist, but is re-

quired to be extracted. This data extraction is crucial for process mining. 

And to make this data from any operational process usable, process mining 

bridges the gap between data science and process science (Van der Aalst, 

2016, p.27f and 32). Regarding process pining techniques, a distinction is 

made between three types: Discovery, Conformance and Enhancement (Van 

Der Aalst et al., 2011, pp.172-174). 

Van der Aalst (2016, p.33) defines Discovery as a technique that "takes an 

event log and produces a model without using any a-priori information." 

Essentially, according to him this involves presenting and analyzing the ac-

tual process with all its variants. In terms of Conformance he speaks of a 

technique where "an existing process model is compared with an event log 

of the same process. Conformance checking can be used to check if reality, 

as recorded in the log, conforms to the model and vice versa. For instance, 

there may be a process model indicating that purchase orders of more than 

one million Euro require two checks. Analysis of the event log will show 

whether this rule is followed or not." Finally, Enhancement means to "ex-

tend or improve an existing process model using information about the ac-

tual process recorded in some event log. Whereas conformance checking 
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measures the alignment between model and reality, this third type of pro-

cess mining aims at changing or extending the a-priori model. One type of 

enhancement is repair, i.e., modifying the model to better reflect reality" 

(van der Aalst, 2016, p. 33). 

The current situation with regard to process mining shows that although it 

is an important prerequisite that the business processes are mapped in IT 

systems, incompleteness can be increasingly compensated for. Existing 

analysis tools can already reconstruct complete process flows from rudi-

mentary or incomplete electronically recorded processes and thus create 

process models. (Hierzer, 2017, p.87) 

At the same time, the selection of relevant data sources is still regarded as 

crucial for addressing current topics such as the integration of sensor-

based, Internet-enabled devices in business processes (Thiede, et al., 2018, 

p.914). 

Even if there are still challenges, the above definitions show the potential 

that process mining has in theory. Our goal is to use this potential and to 

apply process mining to a product's life cycle. The use case implemented 

with real-world data is described in the following chapter. 
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3 Application of Process Mining for Product Life 
Cycle Analysis 

The basis for the analysis in this paper is a dataset from a make to order 

business model with high complexity and diversification and is linked to an 

SAP S4 HANA System. In order to depict the whole process chain there are 

202 materials that are at the time of the analysis in the material specific sta-

tus "End of Life”. The timeframe of the analysis is representing three years. 

This means no further actions in the system should be executed. At first the 

data set, then the used tool and finally the process mining analysis is de-

scribed in the following. 

Description of the Data Set 

The first step is to gather material related information from the ERP System. 

Within this process, the material creation date and all material master 

changes are extracted. To conduct drill down analysis, more information 

among sales, purchase and production orders are selected. Specifically, rel-

evant in that case is the creation date of such. In the next step the dataset 

is prepared for the process mining software in a .csv file, which will be up-

load to the process mining software. 

Applied Process Mining Tool Celonis 

With the execution of the analysis a tool has to be selected. The academic 

aspect of this research allows to use Celonis as a powerful but flexible tool 

to execute the rather unusual process mining approach. This tool includes 

the functionality to upload a modified .csv data file. With the right format-

ting and uploading sequence the data is converted by the process mining 

engine into the correct format. This builds the process model, the basis for 

the following analysis. 
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Analysis 

By conducting process analysis or even optimizing processes, there must 

be an ideal process flow (target process), that functions as the benchmark. 

The ideal case for our selected dataset looks as follows and represents the 

lifecycle of a single material. The lifecycle of the material starts with the cre-

ation, followed by a workflow to approve the material. The next step is to 

set the material in the status of a prototype. Once the prototype was suc-

cessful, the material can be set to supply chain active. In this stage, sale or-

ders and subsequent purchase or production orders can be created. Once 

the material reached the peace in sales the material life cycle enters the 

phase out and lastly the end of life. The target process is shown in figure 1. 

However, process mining technologies reveal the real process flow (as-is 

process), allow to outline throughput times, find the executed activities and 

their sequence as well as number of activity executions along the process 

Figure 1: Representation of the company-specific target process 
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model. The analysis result reveals the truth behind the process and is 

shown in figure 2.  

At the example of material lifetime, the first glance of the data shows that 

this process is not as linear as the target process was described. Materials 

skip activities, do not follow the path at all, or change the sequence ran-

domly. This picture at the moment does not create value yet. To gain valu-

able information and derive business decisions, the dataset is needed to be 

analyzed in detail.   

  

Figure 2: As-is process of the material life cycle 
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4 Results 

The results and focus points are retrieved from typical issues in the day to 

day business, but do not intend to be exhaustive. In particular, the large 

amount of data gives seeming endless analysis directions.   

The first step in the analysis is to understand the data from a higher level. 

Viewing the first diagram on the left, the number of materials that followed 

given paths is represented. In this case only 97 of 202 Materials follow the 

path of Set to Workflow in Progress and Set to Supply Chain Active.  

One optimization potential might be seen already by switching to the 

throughput time. To serve the customer as fast as possible, the material 

Figure 3: Details of process sequence in throughput time and quantity 
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must be set to supply chain active first and the workflow must be finished 

before a sales order can be create. The throughput time analysis shows al-

ready that the workflow execution takes 3 days on median. The variation of 

this process flow leads to the need for a deeper drilldown.  

This view makes the shortcoming of an ideal customer satisfaction more 

visible. One would be the throughput time overall from the creation of the 

material to the first sales order creation (41 days median). Others the activ-

ities that are executed between those activities, because those drive longer 

lead times. To show that potential another view that level gives the process 

flow in the following figure. 

Figure 4: Lead time analysis to serve customers faster 
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Here several insightful information is hidden, the set workflow activity in-

deed leads to a longer lead time (18 cases). In 5 cases there is a purchase 

order created before the sales order was created but this did not affect the 

throughput time negatively.  

Subsequently this information leads to a business research to investigate 

the real process behind this workflow. Process mining in that case provides 

the research direction and lists the materials that were affected, but does 

not give a reason for this. 

Focus on Material Status Sequence Violation 

The process flow violation in the previous analysis gives an indication that 

there would be more cases that do not follow the ideal process model.  

Another significant process violation to our ideal model is that in 10% of all 

cases the material status “Prototype” is set after a sales order is created. 

This has a significant impact on business as the pricing strategy as well as 

the costing run for the material might not be done yet. The result is a nega-

tive impact on the pricing in the future, as the customer might not except 

price rises in the future anymore. 

Focus End of Life 

According to the data model the status is set to end of life when there are 

no further actions taken and the material is not sold or produced in the fu-

ture. Nevertheless, a process mining based PLM Analysis shows the bare re-

ality. 

Those connections to other process steps are found after the status End of 

Life is set: 
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phase out 3%, set supply chain active 15% and even 4% of materials that 

have reached their end of life there were sales orders created. To summa-

rize this, more than 20 % of the materials got changed back to another sta-

tus after it was already set to End of Life. 

The reason why this can cause concerns for companies is that it keeps the 

complexity high and drives inventory. For example, if the material reached 

already the end of life status there should be no material left, the inventory 

for this product related components should be 0. So whenever there is a 

sales order created in this status, purchasing must source the components 

again, possibly to a higher price not in the right quantity or from new ven-

dors. Production must set their machinery up again. In general, the sales of 

an end of life material cause subsequent non-value adding activities as well 

as a confusion among departments. 

Focus: Changes in a Lifetime 

As ERP systems tend to work more autonomously and on a higher level of 

automation, the number of manual changes is another key performance in-

dicator process mining presents. In the lifetime of 202 Materials, there are 

9,880 changes tracked. Hence, this information does not let management 

perform business decisions. Also in this case a drilldown is needed. 

Meaningful are changes of the material description or the purchasing value 

key, as those count 987 changes and can typically be automated. Modeling 

this information into quantitative effort and considering each change takes 

about 3 minutes, the result is that there are about 494 hours spent on 

changing information in the material master over 3 years of the evaluation 

timeframe.  



310 Marco Meßner and Johannes Dirnberger  

 

Focus: Sales Price Development 

With a proper setup of the data model, every change on the material master 

reveals valuable information. For example, the standard price which is 

changed over a period of 3 years 515 times and not neglecting this is an es-

sential KPI for the cost tracking. The drilldown to one material reveals even 

more information. The theory would indicate that product costs and the 

sales prices go down as the product gets more mature. By applying process 

mining the reality can be demonstrated in facts and figures: On 156 of 202 

materials changes of the standard price are executed. To see if this had a 

positive or negative impact on business, the development of standard 

prices is analyzed. The result is that 36 materials show an actual uptrend in 

costs.  

This information combined with the product life cycle shows that in 32% or 

on 11 materials those rises were executed after the material status was set 

Figure 5: Analysis of process sequence 
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to end of life. This supports also the thesis that costs and efforts rise when 

inactive materials are being touched and foremost used again. 
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5 Conclusion 

The aim of this research was to evaluate if the application of process mining 

technology in the area of the product life cycle reveals valuable infor-

mation. When tracing the lifecycle from the creation of the material until it 

reached the end of life status, using the example of 202 selected materials, 

the number of activities add up to about 15.000 data points that were exe-

cuted in the ERP system. The prototypical approach with this real-world 

data sample shows that process mining technology primarily traces the 

digital footprints from materials along their lifetime. This reveals facts 

about the activities that are executed in an ERP System. The resulting prod-

uct life cycle from the business sample elaborates optimization potential 

not only in the process flow and the processing time, but also reveals de-

tails within process stages. In particular, the development of financial KPIs 

such as sales price and costs of goods sold has gained attention. Looking at 

data analytics there might be the claim that other ways to get this infor-

mation are already established. Nevertheless, the prominent benefit in this 

analysis is the connection to a timeline. The timeline of a real-world mate-

rial life cycle provides deeper insights into the development of the KPI. It 

reveals the details of the changed information, for example the time of the 

change, whether it was a reoccurring change or a single event as well as the 

values that were maintained. 

However, depending on the business case and the analysis goal, the data 

model must be adapted and prepared accordingly. In order to apply that to 

a corporation wide standard, for example, there must be a stable data con-

nection that allows continuous monitoring with real time data. Also, in this 

extract the scope was limited to selection of materials and a predefined 
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time frame. Further research can be executed by adding more data points. 

This means other relevant material management systems can be added to 

gain more data. Besides that, the executed analysis in this paper can be ex-

tended and combined with common business use cases including data 

management.  

Using process mining has shown that the technology creates full transpar-

ency of the whole material life cycle in an ERP System and allows a wide 

range of analysis by considering a time series-based development of a ma-

terial. On the one hand, PLM systems might still be the choice to store and 

manage product data. On the other hand, when the goal is analyzing the 

material lifetime stages and the according attributes, process mining is an 

effective alternative. 

  



314 Marco Meßner and Johannes Dirnberger  

 

References 

Benz, J., Höflinger, M., 2008. Logistikprozesse mit SAP®. Springer. 

Best, E., Weth, M., 2010. Process Excellence: Praxisleitfaden für erfolgreiches Pro-

zessmanagement. 4., überarb. und erw. Aufl. sl: Gabler Verlag. 

Bitkom Research, Autodesk., 2017. Welche der folgenden Arten von Software für 

technische Anwendungen sind in Ihrem Unternehmen im Einsatz bzw. plant Ihr 

Unternehmen zukünftig einzusetzen?. Statista. Statista GmbH. [online] Availa-

ble at: <https://de.statista.com/statistik/daten/studie/785353/umfrage/einsatz-

von-software-fuer-technische-anwendungen-in-unternehmen/> [Accessed 21 

May 2020] 

Brunner, U., Gabriel, M., Bischof, C., 2017. Grundzüge des Prozessmanagements. 

NVW, Wien Graz. 

Celonis SE, 2020. Process Mining Platform. [computer program] Academic Edition. 

Available at: <https://www.celonis.com/academic-signup> [Accessed 12 July 

2020]. 

Frick, D., Gadatsch, A., Schäffer-Külz, U.G., 2008. Grundkurs SAP ERP. 

Hansen, A., 2008. Product Lifecycle Management. Von der ersten Idee bis zur letzten 

Ruhestätte. Handelsblatt. [online] Available at: <https://www.han-

delsblatt.com/unternehmen/mittelstand/product-lifecycle-management-von-

der-ersten-idee-bis-zur-letzten-ruhestaette/3047284.html> [Accessed 21 May 

2020] 

Hierzer, R., 2017. Prozessoptimierung 4.0: den digitalen Wandel als Chance nutzen. 

Haufe-Lexware. 

Kühn, H., Bayer, F., 2013. Quantitative Analyse und Planung von Prozessen, in: Pro-

zessmanagement Für Experten. Springer, pp. 137–157. 

Saaksvuori, A., Immonen, A., 2008. Product lifecycle management. Springer Science 

& Business Media. 

SAP Help Portal. Available at: 

<https://help.sap.com/viewer/e79854f090014378a89d74024923dbab/6.00.31/d

e-DE/858d4c28-debe-46d1-b7a3-b2cc9f851d0d.html> [Accessed 26 May 2020]. 

https://www.celonis.com/academic-signup
https://www.handelsblatt.com/unternehmen/mittelstand/product-lifecycle-management-von-der-ersten-idee-bis-zur-letzten-ruhestaette/3047284.html
https://www.handelsblatt.com/unternehmen/mittelstand/product-lifecycle-management-von-der-ersten-idee-bis-zur-letzten-ruhestaette/3047284.html
https://www.handelsblatt.com/unternehmen/mittelstand/product-lifecycle-management-von-der-ersten-idee-bis-zur-letzten-ruhestaette/3047284.html
https://help.sap.com/viewer/e79854f090014378a89d74024923dbab/6.00.31/de-DE/858d4c28-debe-46d1-b7a3-b2cc9f851d0d.html
https://help.sap.com/viewer/e79854f090014378a89d74024923dbab/6.00.31/de-DE/858d4c28-debe-46d1-b7a3-b2cc9f851d0d.html


        Product Lifecycle Optimization by Application of Process Mining 315 

Stark, J., 2020. Product Lifecycle Management (PLM), in: Product Lifecycle Manage-

ment (Volume 1). Springer, pp. 1–33. 

Stark, J., 2017. Product lifecycle management (volume 3): the executive summary. 

Springer. 

Thiede, M., Fuerstenau, D., Barquet, A.P.B., 2018. How is process mining technology 

used by organizations? A systematic literature review of empirical studies. Busi-

ness Process Management Journal. 

Van Der Aalst, W., 2016. Data science in action, in: Process Mining. Springer, pp. 3–

23. 

Van Der Aalst, W., 2011. Process mining: discovery, conformance and enhancement 

of business processes. Springer. 

Van Der Aalst, W., Adriansyah, A., De Medeiros, A.K.A., Arcieri, F., Baier, T., Blickle, T., 

Bose, J.C., Van Den Brand, P., Brandtjen, R., Buijs, J., others, 2011. Process min-

ing manifesto, in: International Conference on Business Process Management. 

Springer, pp. 169–194. 

 


