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ABSTRACT
This paper proposes a data-driven procedure to improve productivity in make-to-stock manufac-
turing. By leveraging recent developments in information systems research, the paper addresses
manufacturing systems with high process complexity and variety. Specifically, the proposed proce-
dure draws upon process mining to dynamically map and analyse manufacturing processes in an
automatedmanner. This way, manufacturers can leverage data to overcome the limitations of exist-
ing process mapping methods, which only provide static snapshots of process flows. By bridging
data and process science, process mining can exploit hitherto untapped potential for productivity
improvement. The proposed procedure is empirically validated at a leading manufacturer of san-
itary products. The field test leads to three concrete improvement suggestions for the company.
This research contributes to the literature on production research by demonstrating a novel use of
process mining in manufacturing and by guiding practitioners in its implementation.
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1. Introduction

A central objective of productivity improvement in
make-to-stock manufacturing is to increase the rate at
which parts flow through amanufacturing system (Hopp
and Spearman 2008; Schmenner 2015; Schmenner and
Swink 1998). Improving system flow can be achieved by
reducing three fundamental roadblocks: (i) bottlenecks,
(ii) process variation and (iii) non-value-adding activities
(Schmenner 2012). Therefore, manufacturers need tools
to identify these three issues in their value streams. Creat-
ing such transparency in complexmanufacturing systems
is, however, an arduous task. As a consequence, oppor-
tunities for productivity improvement often remain
unnoticed.

Manufacturers use process mapping methods to
understand the current state of their operations. Many
existing methods, such as value stream mapping, seek to
identify improvement potentials by first visualising the
processes (Rother and Shook 2003; Sunk et al. 2017).
This provides a snapshot of the process flow, based
on which manufacturers can analyse inefficiencies at a
given point in time. However, because such process map-
ping tools are static, they are less effective when the
process flows dynamically change over time. Moreover,
existing manual methods are resource intensive, which
limits their applicability in situations with high process

CONTACT Rafael Lorenz rafaellorenz@ethz.ch Chair of Production and Operations Management, Department of Management, Technology and
Economics, ETH Zurich, Weinbergstr. 56/58, 8006 Zurich, Switzerland www.linkedin.com/in/rafaellorenz

complexity. At the same time, the increasing amount of
data that is captured in the era of Industry 4.0 offers
new opportunities to explore actual process flows in real-
ity (Knoll, Reinhart, and Prüglmeier 2019a; Schuh et al.
2020a). This motivates the use of data-driven methods
to exploit hitherto untapped potential for productivity
improvements.

This paper overcomes the limitations of existingmeth-
ods for process mapping in manufacturing by proposing
the use of process mining. Process mining is a recent
development in information systems research that mod-
els process flows based on event log data (van der Aalst
2016). In contrast to manual process mapping, process
mining allows analysing process flows dynamically and
identifying non-value-adding activities in an automated
manner (Schuh et al. 2020b). For this reason, process
mining is particularly suitable for discovering process
deviations and identifying factors that negatively affect
productivity. Despite the promising opportunities pro-
cess mining offers, there is scarce research addressing
productivity improvement in manufacturing. This paper
addresses this gap in the literature by proposing and
validating a procedure for using process mining inmake-
to-stock manufacturing.

The proposed procedure consists of three phases.
The first phase specifies the planned process model
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(as-designed) and uses processmining to derive the actual
process model of a given timeframe (as-realised). The
second phase compares the as-designed process model
with the as-realised process flows to identify process con-
formance and factors that limit overall productivity. The
third phase derives suitable improvement actions and
updates the as-designed master data if needed. To test
the proposed procedure and identify the potential of pro-
cess mining in improving processes in manufacturing,
the authors engaged in a field test. The operational value
of process mining was validated in one of the factories of
Geberit AG (hereafter, Geberit), a leading manufacturer
of sanitary products headquartered in Switzerland.

The contribution of this research is threefold. First, it
adds a data-driven procedure to the literature on process
mapping inmanufacturing. Second, it provides empirical
evidence that process mining is effective for identifying
improvement potential in high-volume, high-mix pro-
duction lines. Third, by addressing a practice-inspired
problem with an innovative procedure, it contributes
actionable insights to the emerging literature on Industry
4.0 (e.g. Ivanov et al. 2020; Ivanov, Dolgui, and Sokolov
2019; Kusiak 2018; Xu, Xu, and Li 2018).

This paper is structured as follows. Section 2 provides
the theoretical background of this paper and reveals the
scarcity of process mappingmethods designed formanu-
facturing settings with high process complexity. Section 3
proposes a three-phase procedure to improve productiv-
ity in make-to-stock manufacturing via process mining.
Section 4 reports the results from a real-world industrial
case at Geberit. Section 5 compares the proposed proce-
dure against existing process mapping methods and dis-
cusses the implications of this research. Finally, Section 6
concludes the paper.

2. Theoretical background

Industry 4.0 offers promising opportunities for improv-
ing manufacturing operations (Ivanov, Dolgui, and
Sokolov 2019; Kipper et al. 2020; Moeuf et al. 2018; Xu,
Xu, and Li 2018). Starting as a state policy to innovate
manufacturing in Germany, Industry 4.0 has become an
important field for both research and practice (Kager-
mann, Wahlster, and Helbig 2013). The term bundles
various emerging technologies that turn factories into
cyber-physical systems generating large amounts of data
(Kusiak 2018; Liao et al. 2017; Schumacher, Erol, and
Sihn 2016). In order to take full advantage of these
data assets, they must be ‘mined’ and analysed. How-
ever, many manufacturers still struggle to leverage their
data for improvements (Kusiak 2017). Xu, Xu, and Li
(2018) propose four key challenges to firm-level Indus-
try 4.0 deployment, namely technology, collaboration,

management and implementation. This research primar-
ily focuses on the last of these, thereby guiding manu-
facturers with a concrete procedure for improving their
productivity through process mining. Two streams of lit-
erature are particularly relevant: the rich literature on
process productivity and the emerging literature on pro-
cess mining, as summarised in the following.

2.1. Process productivity

In make-to-stock manufacturing, productivity can be
defined by the rate at which units flow through a sys-
tem (Colledani et al. 2014; Ellis et al. 2010; Stricker
et al. 2016) – its throughput rate. Improving the flow
through a manufacturing system requires the identifica-
tion and reduction of bottlenecks, process variation and
non-value-adding activities (Schmenner 2012).

The bottleneck is the process that constrains the
throughput themost (Wiendahl andHegenscheidt 2002).
Several bottleneck detection methods have been pro-
posed. For instance, Roser, Lorentzen, and Deuse (2015)
perform a ‘bottleneck walk’ to identify the bottleneck by
shop floor observations of inventory and process starva-
tion. Other methods include the statistical computation
of mean process cycle times or waiting times (Betterton
and Silver 2012;Hopp and Spearman 2008; Scholz-Reiter,
Hildebrandt, and Tan 2013). A limitation of traditional
bottleneck detection methods is their inability to cope
with dynamic high-mix production environments.

Process variation is the second concept that affects the
productivity of a system. Queuing theory shows mathe-
matically that increased variation reduces the productiv-
ity of a process (Hopp and Spearman 2008). Processes can
vary in many different attributes, such as process cycle
times, processed materials, operator decisions, opera-
tor movements or machine parameters, among others
(Colledani, Matta, and Tolio 2010).

Finally, the concept of non-value-adding activities,
so-calledwaste, is central to productivity. Themorewaste
is inherent in a system, the less productive it will be.
Waste reduces both the swiftness and evenness of pro-
cesses. Examples of waste are unnecessary transporta-
tion, inventory, motion or waiting, overproduction, over-
processing and the production of defects (Gottmann,
Pfeffer, and Sihn 2013). Lean management sets a focus
on reducing the different types of waste from a process.
However, these attempts to reduce waste are often lim-
ited to single processes and do not consider the whole
value stream. A popular procedure to map and anal-
yse waste in a system is Value Stream Mapping (VSM;
Rother and Shook 2003). However, VSM is a static snap-
shot method that requires extensive effort to create and
maintain (Schuh et al. 2020a; Winkler and Lugert 2017).
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2.2. Processmining

By enabling a low-effort automatic mapping of actual
process flows, processmining offers the potential to over-
come the challenges mentioned above (cf. van der Aalst
2016). The goal of processmining is to discover the actual
process flows that were observed within a system (van
der Aalst 2012). Essentially, it bridges the gap between
data science and process science (Garcia et al. 2019; van
der Aalst 2016). In contrast to traditional management
tools such as business processmanagement, processmin-
ing allows for the dynamic analysis of the actual process
flows that were executed.

Process mining utilises event log data that is recorded
when executing a process (van der Aalst 2016). These
event logs can consist of different features describing the
context of the events recorded. The minimum required
features include a case ID, the description of an activ-
ity and a timestamp. The case ID is a unique identi-
fier referring to a single instance, such as a booking
number for a flight. The activity describes an action
that has been performed, such as check-in or board-
ing. The timestamp describes the specific time the activ-
ity has been performed. Based on this input, process
mining generates a process model that reproduces the
observed process flows. Note that the above features
only represent theminimum information required.More
information can be mined, such as the resource with
which the process was performed or the cost of the
process.

Several algorithms for extracting a process model
from an event log exist. The underlying principle of such
an algorithm γ is to map event log data L onto a Petri
net γ (L). Thereby, the net represents the different traces
observed in the event log (van der Aalst 2016). One of
the first process mining algorithms was the alpha miner,
but it is vulnerable to missing data. To date, common
process mining algorithms are the heuristic miner, the
inductive miner, the fuzzy miner and variations of the
alpha miner (Garcia et al. 2019; Knoll, Reinhart, and
Prüglmeier 2019a).

Process mining also offers the opportunity to analyse
the conformance of the observed processes by compar-
ing the as-realised process flows with the as-designed
process model. The as-designed processes can be mod-
elled, for instance, by applying the standards provided by
Petri nets or business process model notation (BPMN).
Here, replay fitness is a common measure to quantify the
conformance (Rozinat and van der Aalst 2008; van der
Aalst 2016). It evaluates howwell the as-designed process
model can reproduce the actual cases in the event log (i.e.
as-realised). Othermeasures include precision (examines
underfitting of the model) and generalisation (examines
overfitting of the model).

There are several generic methods for the implemen-
tation of process mining. One example is the L* lifecycle
model, which consists of the following five stages: plan
and justify, extract, create a control-flowmodel, create an
integrated process model and operational support (van
der Aalst 2012). Knoll, Reinhart, and Prüglmeier (2019a)
propose a four-step methodology for multi-dimensional
process mining. This methodology is based on the Pro-
cessMining ProjectMethodology (PM2), which provides
a generic method for a process mining project (van Eck
et al. 2015). However, to date, there is limited evidence
for the utility of the proposed methods for productivity
improvement within manufacturing.

In recent years, the amount of data collected in man-
ufacturing has increased exponentially (Monostori et al.
2016). Consequently, many manufacturing companies
already collect relevant process data in their information
systems (e.g. enterprise resource planning, manufactur-
ing execution system, warehouse management system).
Process mining can help exploit these data assets by cre-
ating transparency about the real-world processes and
allowing for subsequent analysis. However, much of the
research on process mining has focused on the service
industry (e.g. insurance, banking, healthcare), and stud-
ies in manufacturing settings are rare (e.g. Farooqui et al.
2020; Park, Lee, and Zhu 2014; Rozinat et al. 2009).

Evaluating the potential of process mining in manu-
facturing can benefit from an intervention in a real-world
factory. This paper provides a holistic overview of how
process mining can improve productivity in make-to-
stock manufacturing.

3. Proposed procedure

This section presents a three-phase procedure for using
processmining to improve productivity inmake-to-stock
manufacturing. Following Schmenner (2012), the proce-
dure addresses the three components that affect the flow
of a manufacturing system, namely bottlenecks, process
variation and non-value-adding activities. The proposed
procedure utilises event logs typically stored in manu-
facturing information systems to map the actual pro-
cess flows in a factory. Unlike manual process mapping,
the proposed procedure allows analysing process flows
dynamically and discovering non-value-adding activities
in an automated manner. This way, processes that con-
strain productivity can be identified both effectively and
efficiently.

3.1. Problem statement

The goal of this research is to improve the productiv-
ity of manufacturing systems bymaximising throughput.
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Following Little’s law, the throughput rate is inversely
proportional to the average time a part spends in a sys-
tem (Little 1961). Therefore, to optimise the throughput
of a manufacturing system, it is necessary to minimise
the average throughput time. Formally, let Ti denote the
throughput time of part i andM the total number of parts
a factory produces. Then, the objective is to operate a
manufacturing system such that

min
1
M

M∑
i=1

Ti. (1)

As discussed, the throughput time in a manufacturing
system is affected by bottlenecks, process variation and
non-value-adding activities (Schmenner 2012). Reduc-
ing throughput times requires an understanding of how
single parts actually flow through a manufacturing sys-
tem. Traditionalmethods for processmapping aremostly
manual and lack the ability to model the actual pro-
cess flows dynamically; that is, they cannot map how
the process flows change over time. The proposed proce-
dure based on process mining addresses these limitations
by automatically extracting an as-realised process model
from event log data.

3.2. Formalisation of procedure

The proposed procedure consists of three phases: (i)
map, (ii) analyse and (iii) improve (Figure 1). In the
first phase, the user defines the as-designed process
model and applies a process mining algorithm to extract
the as-realised process model from an event log. The
as-designed process model describes the intended flow
through amanufacturing system, whereas the as-realised
processmodel reproduces the actual flow through aman-
ufacturing system. In the second phase, the user anal-
yses wasteful activities through the as-realised process
model and compares the actual process flows with the
as-designed process model. In the third phase, the user
determines improvement actions based on the previous
phase and updates existing deviations in the master data.
The three phases should be repeated routinely.

Table 1. Format of exemplary event log for process mining.

Case ID Activity Timestamp . . .

EX001 Moulding 2021-01-25 07:58:20h ...
EX001 Assembly 2021-01-25 08:05:03h ...
EX002 Moulding 2021-01-25 08:32:19h ...
EX001 Packaging 2021-01-25 08:45:37h ...
. . . . . . . . . ...

Phase 1: map. The proposed procedure utilises the
standard Business Process Model Notation (BPMN)
to derive the as-designed process model. This process
model is based on existing work plans with master data
and shop floor observations. The data input for the as-
realised process model is given by case IDs, activities and
timestamps. In a manufacturing context, the case ID can
describe a unique identifier for a specific part produced
in the factory. The activity variable indicates which spe-
cific process was performed on the part. The timestamp
indicates when a process started, finished or both. This
information is typically stored in manufacturing infor-
mation systems and must be pre-processed according to
the format required for process mining (see Table 1).
The resulting event log specifies what process has been
performed on which part at a given time. Based on this
input, the as-realised process model is constructed auto-
matically by applying a process mining algorithm. The
output provides a dynamic representation of as-realised
process flows. Both the as-designed and as-realised pro-
cess models serve as a basis for the subsequent analysis
phase.

Phase 2: analyse. The as-realised process model pro-
vides insights into how single parts flow through a man-
ufacturing system. This allows identifying bottlenecks,
excess inventory and unnecessary material movement.
Bottlenecks can be located by assessing the cycle times of
processes. Formally, a bottleneck is located at the process
j for which the cycle time CTj is maximised.

Unlike manual process mapping, process mining
enables the investigation of cycle times dynamically over
time. This way, the proposed procedure also takes shift-
ing or variant-specific bottlenecks into account. Excess

Figure 1. Process mining procedure for productivity improvement in manufacturing.
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inventory can be uncovered by analysing the recon-
structed flows to and from single processes, whereas
unnecessary material movements are inferred via devi-
ations from the intended process flow.

To evaluate how well the intended process flow con-
forms to the actual sequence of activities, the proposed
procedure estimates the replay fitness of the as-designed
process model. Let σ describe a trace in the event log L
(i.e. a sequence of activities) andN define the as-designed
process model. Then, the trace-level replay fitness can be
computed via

fitness(σ ,N) = 1
2

(
1 − m

c

)
+ 1

2

(
1 − r

p

)
, (2)

where m corresponds to missing, c to consumed, r to
remaining and p to produced tokens in the model (van
der Aalst 2016). Tokens are basic elements of the pro-
cess model indicating whether an activity was recorded
in the sequence defined (van der Aalst 2016). To obtain a
conformance measure for all observed traces, the replay
fitness is computed at the event log level. A replay fit-
ness of 1 (i.e. no missing or remaining tokens) suggests
that the actual process flow entirely conforms to the as-
designed process model. In contrast, a replay fitness of
0 (i.e. all tokens are missing or remaining) indicates the
as-designed process model cannot describe the actual
process behaviour at all. Formore details on conformance
checking, see van der Aalst (2016).

Phase 3: improve. Based on the previous phase, two
different types of actions can be taken. First, the pro-
cess conformance provides information that streamlines
the as-designedmaster data. Second, the findings derived
by the waste analysis are used to enhance the produc-
tivity of the real manufacturing system. Ultimately, both
actions inform the first phase of the proposed procedure
by updating the as-designed and as-realised processes.

4. Validation in an industrial case

This section presents the results from a real-world
implementation in an industrial case. First, the empiri-
cal setting is described before each step of the proposed
procedure is demonstrated using production data from
the case company.

4.1. Empirical setting

This researchwas carried out at Geberit, a Swiss producer
of sanitary products. Geberit has an annual turnover
of around USD 3.4 billion (2019) and employs 12,000
people in 50 countries (Geberit AG 2020). Geberit is a
European leader in the market for sanitary products. The
product portfolio of the company includes sanitary sys-
tems, piping systems and bathroom ceramics, which are

produced in 29 factories. The empirical validation of the
proposed procedure was carried out in a factory located
in Rapperswil-Jona, Switzerland.

The factory operates multiple semi-automated man-
ufacturing lines producing products to stock based on
forecasts. The product considered in this research is a
plastic actuator plate that is fabricated in 18 different
variants. These parts are produced in five sequential pro-
cesses j: (1) Moulding, (2) Assembly 1, (3) Assembly 2,
(4) Sorting and (5) Packaging. Depending on the process,
there is a varying number of machines k that can carry
out a process. Geberit has equipped these machines with
data matrix code readers Rj,k that automatically scan the
part identification number and record a timestamp when
a part is processed. The aim of this research is to sug-
gest improvement actions for increasing the throughput
of production lines – that is, minimising the average time
between moulding and packaging.

To identify factors limiting the overall throughput,
Geberit provided a dataset containing the event logs for
more than 700,000 events that were logged in spring
2019. The dataset is pre-processed according to the
requirements for process mining. The case instances are
defined by part IDs that are unique for each plastic actu-
ator plate produced by the company. The activities are
specified by the data matrix code readers installed at dif-
ferentmachines in themanufacturing system. The times-
tamps are given by the scan time indicatingwhen an actu-
ator plate is processed at a specific machine. The event
log is generated by mapping the unique part IDs and
the reader information with the corresponding times-
tamps recorded in the factory (Table 2). In the following,
each phase of the proposed procedure is demonstrated
separately.

4.2. Empirical results
4.2.1. Phase 1: map
In the first step, the as-designed process model is con-
structed using BPMN (Figure 2). The as-designed pro-
cess model specifies the intended material flow through
the manufacturing system. The first area of the manufac-
turing system is given by five parallel lines performing
the first two processes (i.e. Moulding and Assembly 1). A
conveyor system then transports the parts to the second

Table 2. Event log for process mining at Geberit.

– Case ID Activity Timestamp –
Event Part ID Process (Reader) Scan time Variant ID

1 P.0232907 Moulding (Reader R1,2) 2019-04-13 08:00:58h V.01
2 P.0232612 Assembly 2 (Reader R3,2) 2019-04-13 08:00:59h V.02
3 P.0232157 Sorting (Reader R4,1) 2019-04-13 08:01:00h V.18
4 P.0232913 Moulding (Reader R1,1) 2019-04-13 08:01:05h V.18
. . . . . . . . . . . . . . .
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Figure 2. As-designed process model.

Figure 3. As-realised process model.

assembly process, where the parts are finalised on two
lines (i.e. Assembly 2). Then, a robot batches the parts
according to different variants and places the parts into a
rack (i.e. Sorting). Finally, the parts are manually loaded
into three automated lines for packaging (i.e. Packaging).

The event log from the production lines is mined
through process mining to derive the as-realised pro-
cess model (Figure 3). The as-realised process model
automatically visualises the traces the parts took during

the observed time frame. To improve readability, only
the paths that were recorded the most often (first quar-
tile) are shown. Note that due to two missing readers
in the moulding and packaging processes, two machine
locations are not visualised.

4.2.2. Phase 2: analyse
The as-realised process model reveals that not all traces
conform to the intended process flow. This is indicated by
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Figure 4. Percentage of total throughput time per segment.
Notes: The figure only contains complete cases. The whisker length is the 1.5 interquartile range and the median is highlighted as yellow line.
Significance level: *** p < 0.001, **p < 0.01, *p < 0.05.

loops within the processes or flows in the wrong direc-
tion (see Figure 3). The process conformance is evalu-
ated by comparing the actual process flow of each part
with the as-designed process model. For this, the replay
fitness of the as-designed process model is computed.
Since all the variants flow through the same processes,
multi-dimensional process mining is not required. The
results of the conformance analysis yield an average fit-
ness of 0.76. The nonconformities in the event log can be
explained as follows. First, some of the unplanned pro-
cess behaviour is related to rework. Second, data quality
can be a driver of deviations.

The as-realised process model is now used to deter-
mine the time intervals between different readers.Hence-
forward, these time intervals are referred to as segments.
Figure 4 shows the durations of the segments relative to
the total throughput time. The segment with the high-
est average duration (i.e. [R4,R5]) points towards a bot-
tleneck. Three separate Welch’s t-tests confirm that the
duration of segment [R4,R5] is significantly higher com-
pared to all other segments. In the following, the critical
segment is dynamically analysed to identify potential
improvement areas.

In segment [R4,R5], the parts are automatically sorted
by product variants and then batched into mobile racks.
The packaging lines are thenmanually loaded by an oper-
ator. Once a part enters a packaging line, it is scanned
by the readers R5,1 or R5,2 (note that one of the three
available packaging lines is not equipped with a reader).
Figure 5 compares the process flows at two different
points in time. In the left-hand visualisation, the dynamic
analysis of the process flows reveals that the packaging

line is unnecessarily idle (59 min in total). This is unex-
pected since enough parts that could be packaged have
already passed reader R4,1 at the sorting process at this
time. This can be considered as waste because the bot-
tleneck is not exploited efficiently. Several similar cases,
where the packaging line runs unnecessarily idle, were
observed in the dataset. In contrast, the right-hand visu-
alisation shows efficient reloading of the packaging line
with an almost constant flow. Overall, the visualisations
highlight the need for analysing process flows dynami-
cally.

Three potential reasons for the idle packaging lines
were identified together with domain experts at Geberit.
First, the shift change at 13:00 h can lead to material
waiting times. Second, although there are no additional
setup times reported by the company, inefficiencies can
also occur when there is a change of the product vari-
ant. Third, full racks can go unnoticed. Next, three spe-
cific improvement actions are proposed to improve the
productivity of the manufacturing system.

4.2.3. Phase 3: improve
The previous analysis revealed that the capacity con-
straint is located between sorting and packaging.
Therefore, the following three improvement actions were
proposed to Geberit.

(1) The packaging lines should be loaded directly before
a shift change to minimise idle time.

(2) The production scheduling should be optimised
according to the actual changeover times between
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Figure 5. Visualisation of historical process flows at capacity constraint.

product variants. This includes the update of the as-
designed master data with the changeover matrix
retrieved from the as-realised process model.

(3) The sorting process for high-volume product vari-
ants should be removed, and the loading of the
packaging lines should be automated.

For the future, Geberit decided to move ahead with con-
sidering these options, having already started implement-
ing the third action.

5. Discussion

Applying the proposed procedure for using process min-
ing in manufacturing has resulted in useful insights for
research and tangible benefits for the case company. Next
the proposed procedure is discussed in light of exist-
ing methods for process mapping, challenges related to
its implementation and its applicability beyond the case
presented in this research.

5.1. Comparison to existingmethods

The field test at Geberit demonstrated the potential of
process mining to overcome limitations of traditional
methods for process mapping. Two challenges consid-
erably impede the usability of alternative, traditional
methods; they can neither analyse process flows dynami-
cally, nor trace the paths of single parts in the value chain.
Hence, traditional methods could not have captured the
complexity or the dynamics within the empirical setting
at Geberit. In the following, we provide a qualitative com-
parison between traditional methods and the extended
functionalities of the presented procedure.

Modelling the process flow through VSM – one of
the most popular process mapping tools – would only
capture the average cycle times of processes. However, it
would not have been possible to directly analyse when
and why specific problems occur. Furthermore, in the
case that the cycle time measurements are performed
directly on the shop floor with human observations, as
originally proposed by Rother and Shook (2003), the
data collection is restricted to a limited observation
period. Provided the VSM is conducted during a time-
frame where certain time-dependent phenomena were
not observed (e.g. material waiting times due to shift
changes), outlier eventswould have gone unnoticed. Sim-
ilar limitations also apply to other static mapping meth-
ods, such as bottleneck walks (Roser, Lorentzen, and
Deuse 2015).

The proposed procedure also allows for analysing all
the different routes that all parts have taken through the
manufacturing system. Again, traditional process map-
ping techniques do not capture the holistic and dynamic
material routings. Process mining enables to identify and
follow the paths of specific parts that reduce throughput.
Note that the actual process flows could also not have
beenmapped by available business intelligence solutions,
which focus on reporting and visualisation of perfor-
mance measures rather than the analysis of flows (cf. van
der Aalst 2016).

5.2. Challenges related to implementation

The presented work promises widespread applicability in
manufacturing settings with highly automated data cap-
ture and unknown or moving capacity constraints. How-
ever, although the potential of the proposed procedure
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has been demonstrated, there are several challenges
related to its implementation.

One general challenge is related to the identification
of suitable business cases. This challenge is omnipresent
in the literature on digitalisation of manufacturing. In
Geberit, the presented procedure was used on a single
make-to-stock setting with capacity problems. Moreover,
the production lines had already been retro-fitted with
data matrix readers and hence incurred no extra setup
costs. For other companies, the establishment of data cap-
ture technologies can be a major inhibitor. In addition,
processmining softwaremust be acquired, often at a con-
siderable cost. Identifying a positive business case before
investmentsmay be difficult in settings other than the one
presented.

A second challenge is that data in manufacturing are
often incomplete and stored in different formats and
locations. The accuracy of the extracted process mod-
els strongly depends on the completeness of event logs.
Too many missing observations can lead to incorrect
conclusions because the modelled process flows do not
match the actual process flows. For this reason, pro-
cess mining is more suitable for manufacturing settings
with a high degree of automation. Although the amount
of data that is generated in manufacturing is increasing
drastically (Monostori et al. 2016), it is often not read-
ily available in a suitable format (Xu, Xu, and Li 2018).
Therefore, pre-processing data for analyses can involve
considerable manual effort. Furthermore, the required
data might not yet be captured from the physical process.
In manufacturing, it is costly to replace older machines
having limited sensory abilities. Hence, many manu-
facturers, like Geberit, have incrementally introduced
automated data capture by retrofitting existing produc-
tion lines. However, despite the highly automated nature
of the empirical setting, the authors encountered lines
that did not yet have readers to track the entire flow of
the material. This might limit the scope of analysis and
improvement actions that can be derived from process
mining.

A third challenge arises when one aims to analyse
the flow of several products that are assembled together,
which requires merging case IDs. This is non-trivial and
a current field of research for the further development
of process mining algorithms (cf. Raichelson, Soffer, and
Verbeek 2017; Schuh et al. 2020b; van der Aalst 2019).
This is particularly challenging for manufacturing pro-
cesses, where the level of the analysed entity changes
– for instance, when a manufacturing order consists of
multiple assembly orders for multiple products, or when
parts are looping back to previous processes. As shown
in the case study, mining data on the serial number of the
product already reveals valuable insights for productivity
improvement within manufacturing.

A fourth challenge is that process mining can require
an extensive coordination effort between process own-
ers. This is particularly the case for long value streams.
Process understanding is necessary to suggest suitable
improvement actions (cf. Calvanese et al. 2016; Knoll,
Waldmann, and Reinhart 2019b). Although the pro-
cess mining algorithm extracts the process model auto-
matically from the event logs, the proposed procedure
involves manual analyses. Notably, the third phase of
the proposed procedure may require profound domain
expertise to address the underlying reasons for existing
deviations.

A fifth challenge is maintaining data management dis-
cipline. When collecting and storing data in centralised
systems, communication about which data to store in
what way is crucial. Process mining supports manufac-
turers with this issue by providing simple and clear data
requirements. It becomes evident for the process owners
which data is relevant but missing. These instructions are
important to guide data acquisition on the shop floor.

5.3. Generalisation and future work

Although the proposed procedure was validated in a
single case study, it should generalise to similar make-to-
stock production settings. The empirical setting is rep-
resentative for a typical manufacturer with high degrees
of data capture and the need to improve throughput
by identifying and reducing constraints, variability and
waste. Whenever an activity can be linked to a specific
product unit with a timestamp, process mining can be
employed. Especially in discrete manufacturing the pro-
cedure applies, because discrete products can often be
uniquely identified. In process industries, batch num-
bers may be a viable alternative as the case ID before the
discretisation point.

Besides productivity improvement in the factory, there
is a wide range of other promising applications for
process mining within the manufacturing domain. For
instance, in the value chain, one can include the suppliers’
processes for end-to-end process mining. Specific chal-
lenges (in addition to the five mentioned before) arise
here in regard to adapting the algorithms to merge event
logs of different abstraction levels (e.g. manufacturing
order and part number).

There exist promising opportunities for future
research in this area. In productionmanagement, further
use cases can be identified and studied. For instance, pro-
cess mining can be used in quality management to com-
pare the operators’ actions with standard operating pro-
cedures (Dasani et al. 2015). Future research can examine
the effect of deviations from the intended behaviour in
manufacturing and evaluate the results. Further, opera-
tional cost optimisation by estimating themanufacturing
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cost of different traces provides an interesting research
avenue (Tu and Song 2016). Finally, considering the
recent trend in the literature on sustainability in manu-
facturing, there is potential for the intersection of process
mining and sustainable operations (Garcia et al. 2019).

6. Conclusion

Traditional process mapping requires extensive manual
effort and provides only a static overview of a manufac-
turing system. This paper proposed a procedure based
on process mining that overcomes the limitations of tra-
ditional mapping methods. The dynamic discovery of
actual process flows in factories enables the identification
of capacity constraints, process variability and waste. For
this purpose, a three-phase procedure was proposed. The
procedure was validated in a real-world manufacturing
setting at Geberit. A field test showed that process min-
ing is effective in revealing the conformance of processes
and opportunities for productivity improvement.

This paper provides insights into how process min-
ing can be used in manufacturing, what benefits it can
provide and what specific challenges arise. Evidently,
manufacturing applications of process mining have great
potential, which also leaves rich opportunities for further
research. For practitioners, the paper offers an actionable
procedure on how to use process mining in manufactur-
ing and discusses which challenges must be overcome.
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