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Abstract. This report concerns a white paper on the demonstration of
practically-oriented guidelines for process mining users. The main target
group of this document is novice process mining users (e.g., those who
are willing to start using process mining). After proposing the guideline,
we present a few exercise questions.
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1 The Guideline

A business process entails different organizational aspects, such as functions,
business artifacts, humans, and software systems [1]. These various aspects of
a business process can be called process perspectives. The ordering of activities
in process execution is called the control-flow perspective. When we focus on
the resources of an organization, such as an employee or information system
that executes the process, then we consider the organizational perspective of a
process. Besides that, we can also focus on the frequency and timing of process
execution. For example, how many times a particular activity is conducted within
a timespan. This can be named the time perspective of a process.

One way to capture different aspects of a business process is through pro-
cess mining. Process mining comprises data analytics techniques intending to
extract process-related information. This field of study is introduced by Wil van
der Aalst in 2004 [2]. Today, numerous process mining techniques, tools, and plu-
gins are available. Key in conducting process mining analysis is to understand
how the techniques, tools, and plugins can be applied in a meaningful and sound
manner. Different permutations of steps may deliver different analysis results.
These wide varieties pose process analysts with the concern about which process
mining approach to choose and how to execute them appropriately. The purpose
of this work is to propose a guideline that is able to give a quick and general
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process diagnostics overview of business processes, as well as to provide (poten-
tial) process mining users an idea about capabilities process mining offers. The
proposed guideline is intended for novice process mining users, but the guideline
may also be of interest to other users (e.g., those who have some experience,
but want to refresh their knowledge). A key motivation behind the development
of the guideline and the selection of this target audience is the broad spectrum
of the process mining discipline. The vast options currently available might be
overwhelming for novice process mining users to get started in using process
mining tools.

An inability of novice users to perform process analysis using process mining
tools can result in low perceived ease-of-use. Perceived ease-of-use is the degree
to which a person believes that using a system would be free of effort. In turn,
a low perceived ease-of-use can result in a low intention to use the application
(or system). A way to increase the perceived ease-of-use is through the demon-
stration of expected results or outcomes, and that is the goal of our artifact.
We want to demonstrate a practical step-by-step process analysis using pro-
cess mining techniques. The tools, techniques, and plugins used in the presented
guideline are mainly based on the exploration of the current state-of-the-art of
process mining practices.

In this document1, we will demonstrate the implementation of the guide-
line using an event log from www.processmining.org. The reader will follow the
guidelines to perform process analysis for an example event log. In this sec-
tion, the event log named teleclaims.xes2 is used, but in the exercise section the
respondents will use a different file from the same source (namely, the file re-
viewing.xes). The teleclaim event log contains records of the handling of different
types of the insurance claim. For evaluation purpose, please follow the exercise
that is included in this report and fill out the additional questionnaire about the
guideline3.

1.1 Preparation

Typically, a process analyst first needs to acquire an event log of the selected
process. Also, the process analyst needs to install the tools. We suggest the latest
version of ProM (at the time of writing, this is version 6.9) as a tool. ProM is
open-sourced and can be downloaded from www.promtools.org. ProM can load
XES, MXML, and CSV files. To extract files from other data sources, ProM
Import4 can be used [3]. The format of the event log we demonstrate in this
report is in the form of XES file.

1 This document is based on the paper: F. A. Yasmin, “Enhancement in process
mining: guideline for process owner and process analyst,”, Enschede, University of
Twente, 2019

2 Download chapter 8.zip from
http://www.processmining.org/event logs and models used in book

3 This url is not included in the public version
4 ProM Import is available at http://www.promtools.org/promimport/
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Figure 1 shows the page that will appear when users open ProM (the so-
called Workspace). The import button is located at the upper right of the page.
There are several import options. Just to mention some, the Naive one uses the
most memory but is fast and lightweight, the sequential one is also fast but has
some (minor) limitations, and the disk-buffered by MapDB import puts little
information in the memory and can be a good choice when you have large event
logs [4].

Fig. 1. Import event log in ProM

The user can import the teleclaims.xes file using the Naive import (which is
also the default option for log import). Now, the user should click on the ‘view
resource’ button on the right (the eye icon). One would see a similar interface
as shown in Figure 2. Note that this figure is based on a different event log (the
teleclaims log should contain 46138 events related to 3512 cases, the claims). The
dashboard displays general information such as the number of cases, events, event
classes, and originators. It also displays the minimum, maximum, and average
number of events per case. In the ‘inspector’ view, you can view the detailed
ordering of events per case. The ‘summary’ view lists the available event classes,
the starting events, the end events, and the resources of the process.

1.2 Process Discovery (Control-Flow)

The traditional way of process modeling through meetings and discussions typ-
ically takes from a half to two years, depending on the size of the organization
and the time the managers participating in the team can allocate to do the
work [5]. An alternative approach is to discover a process model by using pro-
cess mining, which provides a process model based on the observed behavior [6].
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Fig. 2. Log info visualization in ProM

The discovery task of the control-flow perspective in process mining is usually
referred to as process discovery. A process discovery algorithm is a function that
maps event logs onto a process model such that the model is “representative”
for the behavior seen in the event log [3].

There are at least 16 process discovery algorithm plugins available in ProM.
In a concise literature review, we found four commonly used plugins for process
discovery, namely alpha miner, inductive miner, fuzzy miner, and heuristic miner.
Fluxicon [7] recommends a fuzzy miner and heuristic miner to be used in practice
for users that just started using ProM. The alpha algorithm was one of the first
process discovery algorithms, but, in general, it is not perceived as a practically
useful mining technique as it has challenges with noise, infrequent or incomplete
behavior, and complex routing constructs [3]. On the contrary, inductive mining
techniques can handle infrequent behavior and deal with huge models and logs
while ensuring formal correctness criteria such as the ability to rediscover the
original model [3]. Furthermore, the inductive miner is one of the few algorithms
that guarantees a sound process model [4]. That is, it will always produce a
model that can replay the whole event log. In other words fitness is guaranteed
[3]. Lastly, while both the alpha miner and the inductive miner can produce a
Petri Net as output, fuzzy miner and heuristic miner do not produce this.

The user should go back to the Workspace menu by clicking on the document
icon (the most left icon) in the navigation tab. Make sure to select the teleclaims
file after which one can proceed by clicking on the “action” button. This button
is located in the upper middle part of the display with the triangle symbol (and
also on the right next to the ‘view resource’ button). We will use the “Mine Petri
Net with Inductive Miner” plugin (with default settings) as process discovery
algorithm (see Figure 3).
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Fig. 3. Inductive Miner in ProM

Figure 4 shows the discovered process model of the event log. As shown, the
discovered model is concise and can be interpreted with relative ease. We can see
that the claim process starts with the customer call to the Brisbane or Sydney
call center. Then, each call center checks whether the information is sufficient. If
this is the case, then the claim is registered. After the assessment, the claim will
be either paid or reimbursed. However, if the assessment determines that the
claim is not eligible for payment or reimbursement, then the case will be ended,
i.e., the claim is rejected.

Fig. 4. Mined process model after using the Inductive Miner

1.3 Conformance and Performance Analysis (Time)

The discovered model of a process can be compared to the behavior recorded in
the event log to analyze commonalities and discrepancies between them. Regard-
ing the purpose, there are two types of process models: normative and descrip-
tive. When a model is intended to be descriptive, then the discrepancies indicate
that the model needs to be improved to capture reality better [3]. When the
discovered model is intended to be normative, the discrepancies mean that there
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are deviations in the process execution [3]. For example, when an employee needs
to conduct unforeseen activities that are not prescribed in the existing process
model, or when an employee bypasses a certain procedure and violates regula-
tions. In this case, the process itself, not the model, need to be improved.

It is described that a process mined model aims to produce a process model
that is “representative”. Representativeness of a process model can be opera-
tionalized by requiring that the model can replay all behavior in the log [3].
This is the so-called “fitness” prerequisite, which is often perceived as an im-
portant quality dimension of a process model. Process model conformance uses
the recorded behavior to verify how well the process model conforms with the
observed behavior or vice versa, and it also indicates where the actual execution
differs from the process model [6].

The performance of a process can be considered from three dimensions: time,
cost, and quality. Here, we analyze the time dimension of a process. The time
perspective is concerned with the timing and frequency of events [3]. By replay-
ing executed traces on a process model, the timing information of the different
steps in the process becomes available [6]. When events bear timestamps, it is
possible to discover bottlenecks, measure service levels, monitor the utilization
of resources, and predict the remaining processing time of running cases [3].

There are at least 10 different plugins for conformance or performance anal-
ysis in ProM. At least two of them (e.g., the “Replay Log on Petri Net for Con-
formance/Performance Analysis” by Adriansyah and “Multi-perspective Pro-
cess Explorer” by Mannhardt) can explore performance and conformance met-
rics. The “Multi-perspective Process Explorer” is a plugin that integrates multi-
perspective process mining techniques for discovery and conformance checking
[8]. In this demonstration part, we will use that plugin (see Figure 5) for perfor-
mance and conformance analysis in ProM. One may proceed from the previous
step (the mined Petri Net from Figure 4) by clicking on the ‘Use resource’ button
in the upper right part of the interface. Alternatively, one can also go back to
the ‘Actions’ tab (middle botton in the upper display) and use as input tele-
claims.mxml and the mined Petri Net.

In contrast to the simple and static output obtained after using Adriansyah’s
plugin, the “Multi-perspective Process Explorer” comes with a configuration
panel that enables users to choose measures and mode preferences. For example,
the plugin allows different mode choices. The fitness mode describes whether
the model represents the behavior of the event log. After selecting the “simple
configuration”, the result shows an 60.9% average fitness score of the discovered
process model (see Figure 6). One can observe from the graph that more than
half of the cases are reimbursed or paid, while the rest are rejected.

Figure 7 shows a performance analysis based on the aligned event log (the
user may want to try to reproduce the figure). The darker blue color indicates
the longer average time of the activity. As shown, the activity “determine the
likelihood of claim” takes the longest average time with 2.9 hours per case.

For performance analysis, in general, the fitness of the process model with
respect to the event log needs to be high. One reason for this is that timing
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Fig. 5. Multi-perspective Process Explorer plugin in ProM

Fig. 6. Fitness score as given by the Multi-perspective Process Explorer

information of traces can then be appropriately replayed on the process model
[6]. A good practice is to calculate the performance of the model with a minimum
of 99% fitness to the log. In the previous step, one could observe that the average
fitness of the discovered model is not that high. To this end, one can use the
“Align Log to The Model” plugin. After the alignment, the fitness of the model
to the log is at 100%.
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Fig. 7. Performance score as given by the Multi-perspective Process Explorer

1.4 Social Network Analysis (Organizational)

Organizational mining focuses on organizational perspectives. The starting point
for organizational mining is typically the resource attribute in the event log [3].
An organizational entity in process mining can be, for example, a person, a
department, a role, or a system that performs the activity. Before performing
analysis by considering the organizational perspective, it is important to know
what activities are performed by a certain resource. A dotted-chart can help to
visualize this information.

In the ‘view’ tab, one can find the dotted chart visualization of an event
log. The dotted chart is an example of a visual analytics technique where users
visually identify patterns and trends in (large) datasets [3]. To access the ‘view’
tab, one can select the imported event log and then select the eye-shaped button.
Next, as visualization (see upper-right selection box) one can select the “Dotted
Chart”. In the dotted chart page, the user can choose the “resource” attribute
at one axis and the “event” at the other (one may also want to adjust the color
attribute). Figure 8 shows an example of a dotted chart for teleclaims.xes.

In this document, social network analysis is used to present the entities’
relationships in the form of a graph. Social network analysis views relationships
in terms of network theory, consisting of nodes that represent individual actors
within the networks, and arcs that represent the relationships between the actors
[9]. Arcs and nodes may have weights that indicate its importance. There are
several types of social network analysis based on the construction of the network
from the event log.

A commonly used metric is the “handover-of-work”. Handover-of-work de-
scribes work exchange between individuals. The more frequent individual x per-
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Fig. 8. Event and resource dotted chart of the teleclaims case

forms an activity that is causally followed by an activity performed by individual
y, the stronger the relation between x and y usually is [10]. One can use the
“Mine for a Handover-of-Work Social Network” plugin to analyze the organiza-
tional perspective. For this, go back to the ‘Actions’ menu and select the miner
while using as input the original event log file (make sure that the mined process
models/Petri Nets are removed from the input list).

Figure 9 shows an example of a social network graph of the teleclaims case,
based on the handover-of-work metric. Such a graph provides visual imagery
behind the basic concept of relations between the actors [11]. One can choose a
‘view option’ to visualize the importance of the resources and their relationship.
For example, one can check the ‘size by ranking’ and ‘show edge weight values’.
The size of the nodes indicates the weight of the nodes. The weight of the edge
is written in numbers. Also, users can choose a different layout for the social
network. In the example as shown in Figure 9, we selected the ‘Ranking View’
so that we can see the degree of centrality of each resource. Figure 9 shows that
the customer can contact the call center in Sydney or Brisbane. After that, both
branches direct the claim to the claim handler. By looking at the size and the
centrality of the nodes, one may say that the claim handler is one of the “most”
important resources in the process.

A problem one may face with the social network graph is that it illustrates
only the patterns of connections and no (or limited) information about the
causality between the resources. To provide information about the relations be-
tween the actors, the reader is suggested to use the “Discovery of Resources
Causal Matrix” plugin to accompany the social network analysis graph. In ProM,
one can choose the “Discover Matrix” plugin (in case their are multiple plugins,
try to find the one used in this report) and choose the “resource” attribute as
classifier (the miner can be the default one). An example is given in Figure 10.
Notice that one can also change the visualization to a different representation,
such as the one shown in Figure 11.
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Fig. 9. Social network analysis of the teleclaims case

Fig. 10. Causal matrix using colored table

Fig. 11. Causal matrix using grid
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1.5 Decision Mining (Case)

Decision mining discovers why particular cases take a specific path [12]. To
analyze the choices in a business process, one can first identify those parts of
the model where the process is split into alternative branches. These parts are
called decision points [13]. In a Petri Net, a decision point is a node with more
than one outgoing arc. After identifying a decision point, the influence of case
data to the decision can be evaluated, i.e., whether cases with certain properties
follow a specific route.

The idea is to convert each of the decision points into a classification problem
where the classes are the different decisions that can be made [13]. A classification
technique, such as decision tree learning, can be used to find decision rules [3].
In a classification technique, one often focuses on target attributes for prediction
[14]. The prediction is called a response variable, and a target attribute is called
a prediction attribute. There are three main types of prediction attributes [14]:

– Numeric: describes the quantitative value of the attribute (e.g., the number
of orders in a case);

– Ordinal (or categorical): provides the ordering of the category but with-
out the exact measurement of the distance between them. An example is the
classification of socioeconomic status in: poor, middle class, and rich;

– Nominal: the values are merely distinct names or labels with no meaningful
order by which one can sort the data. For example, the customer’s country
of origin.

In contrast to the control-flow perspective, which is one of the main research
fields in process mining, there is limited support and less attention for the case
perspective of the process [13, 12]. One of the first plugins in ProM that supports
the case perspective is the “Decision Miner”, which was implemented in 2006
[15]. However, this plugin cannot always deal with event logs which are charac-
terized by deviating behavior and more complex control-flow constructs [12]. A
more recent plugin named “Discovery of the Process Data-Flow (Decision-Tree
Miner)” was developed to overcome (a part of) the limitations of the “Decision
Miner” plugin. It can discover an accurate data flow in combination with event
logs that contain non-conforming traces [12]. In this document, we will use the
“Discovery of the Process Data-Flow (Decision-Tree Miner)” plugin for decision
mining of the case perspective.

Figure 12 shows a Petri Net with data discovered by using the plugin. Since
the data properties of the case are important, it is prudent to check the data
types of the attributes in the log in decision mining. Often, if there are formatting
errors in the data, the decision-tree miner will end up running without ends. This
is what happened when one tried to mine the decision tree based on imported
teleclaims.xes. One solution to overcome the problem that the decision-tree miner
cannot process the import event log, is to repair the event log.

One can use the “Repair Type of Event Attributes in the Log (Discrete,
Continous, Boolean, Date)” plugin for the purpose. For this, we leave a de-
tailed implementation to those interested in the subject. However, to give you
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Fig. 12. Decision Tree of the teleclaims case

some impression on how one can obtain a decision-tree, one can simply use the
”Discovery of the Process Data-Flow (Decision-Tree Miner)” plugin that uses as
input a Petri Net and an event log. Consequently, in the configuration panel one
can select as variable only the location.

Figure 12 shows an output one can obtain after applying the decision-tree
miner. The plugin discovers guards for transitions at a decision, instead of de-
cision logic for an entire decision point [16]. However, the decision logic that is
extracted by the decision-tree miner can be in unclear formats, thereby reducing
the utility of decision-mining plugins for daily practice [16]. In fact, many of the
decision miners either directly use or are based upon open source algorithms.
Thus, for the case perspective, the result should be considered with carefulness.

1.6 Recommendation

After the analysis, a process analyst may summarize the results and provide
input for (further) process improvement [4]. However, we do understand that
organizations typically have their own key performance indicators and business
goals. In addition, the interpretation of the analysis depends on the domain
expertise of process owners. Therefore, we will not prescribe exact improvement
actions process owners may think of. Instead, we will mention some general
examples of improvement actions that can result from analysis using process
mining techniques, as addressed by [3]:

– Redesign: insights attained in the analysis phase can prompt changes to
the process. For example, if the analysis discovers that the performance of
the business process is poor, then it indicates that the process needs to be
redesigned.

– Adjust: after applying process mining techniques, one can recommend (tem-
porary) adjustments. Here, the process is not redesigned; only predefined
controls are used to adapt or reconfigure the process. For example, a com-
pany might define in their contingency plan that as long as a criteria are
met, they will allocate certain resources to accommodate the cases.

– Intervene: process mining may also reveal problems related to particular
cases or resources. For example, the process owner can decide to terminate a
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designated problematic case or take disciplinary action for an employee that
violates compliance regulations.

– Support: based on historical information, process mining techniques can be
used to predict the remaining flow time or recommend the action with the
lowest expected costs.
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2 Exercise

In this exercise, please answer the questions below based on the analysis of the
reviewing.xes business process. Please go to this link5 to download the event log
for the exercise.

2.1 Event Log Overview

How many cases are in the reviewing process?

How many events are in the reviewing process?

How many events are there per case on average?

What is the maximum number of events per case?

What is the minimum number of events per case?

How many originators/resources are recorded in the event log?

2.2 Process Discovery

Please briefly explain the process of reviewing based on the discovered
process model:

5 http://www.processmining.org/event logs and models used in book
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2.3 Conformance and Performance Analysis

What is the percentage of log that conforms to the discovered process
model (i.e., fitness)?

Please list the events that needs to be concerned by the process owner
(e.g., events that cause bottleneck or took the longest time). Please
also include a reason why:

2.4 Social Network Analysis

Please name the “most important” resource as defined by this docu-
ment and explain why:
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Please list the activities that are performed by one of the “most im-
portant” resource(s):

Please list the resources that are working with one of the “most im-
portant” resource. Also mention the causality degree(s) to this re-
source(s):

2.5 Decision Mining

Please list the decision points of the process or motivate why this is
not possible:
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2.6 Recommendation

Please give an improvement recommendation for the reviewing busi-
ness process:
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