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Abstract
Event data is the main element of process mining. The quality of this data is crucial for the results
obtained through process mining and event data analysis. Lots of information about event data
quality aspects can be found in the literature, but comprehensive quality checks in relation with
a data quality framework do not exist.
This thesis gives an overview of existing literature related to data quality, (event) data quality
dimensions and frameworks for defining these dimensions. From this literature, only the quality
dimensions have been selected that are suitable for being assigned a generic quality measurement.
A new and extensible framework for defining generic event data quality dimensions is presented
as well, consisting of a combination of different frameworks taken from the literature. All of the
selected event data quality dimensions have been placed in this framework, to define each dimension
and their related measurement. Each quality dimension consists of one or more measurements.
These measurements can consist of multiple implementation checks.
These elements come together in a plug-in for the open-source tool ProM, to automatically
check different event data quality dimensions for an event log. The plug-in has been designed in
such a way that it is easily extensible for further work. Although not every quality dimension and
their measurements have been implemented due to time and complexity constraints, the plug-in
includes a wide range of quality checks. This plug-in has been tested on different event data sets.
These datasets include real-life event logs and one artificial event log.
Available information, taken from the literature, on these event logs has been used to check the
similarities and differences between what already has been found and reported in the literature,
and what has been found by the plug-in. This way the plug-in results can be compared to what
is already present in the literature. Although the literature includes some more detail in varying
aspects, the plug-in finds a wide range of different event data quality information and issues,
making it a very rich source for evaluating the quality of an event log. Different event logs show
varying quality issues, as seen in the results of the quality check plug-in.
Future work should make the plug-in even more complete and detailed in such a way that it is
rich in both event data quality dimensions and its details. Since the plug-in is easily extensible,
the current work can be extended in a structured manner.
This project has been set-up and executed together with the Dutch electricity grid company
Liander.
Keywords: event data, event log, process mining, data science, (event) data quality, ProM,
quality dimensions, data quality framework, data quality quantification, data quality metric
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Chapter 1

Introduction
This master thesis is the result of a graduation project done within the Eindhoven University
of Technology (TU/e) and Liander, an electricity grid operator company located in the Netherlands. At the TU/e, this project has been done for the master program Business Information
Systems. The Architecture of Information Systems (AIS) group, a group within the Mathematics
and Computer Science Department of the TU/e, is the group in which this project is carried out.
This group investigates methods, techniques and tools for the design and analysis of processaware information systems, i.e., systems that support business processes (work-flows) in organizations. The groups’ main mission is to bridge the gap between business process management and
data science. This explains the groups’ focus on process mining [18].
The starting point for process mining is an event log. Each event in such a log refers to an
activity (i.e., a well-defined step in a process) and is related to a particular case (i.e., a process
instance). The events belonging to a case are ordered and can be seen as one “run” of the process.
Event logs may store additional information about events, such as the resource (i.e., person or
device) executing or initiating the activity, the timestamp of the occurrence of an event, or data
elements recorded with the event (e.g., the size of an order). [20]
When using event logs, it is assumed that the quality of the event log is of such a degree that
it can be used and analyzed for certain goals. But how is such event data quality actually defined?
This thesis focuses on generalized ways of defining, and quantifying, different event data quality
aspects. The focus is on event logs, specifically event logs in XES format such that they can be
used by the open-source tool ProM. This resulted in a plug-in for ProM, in which certain data
quality aspects are being scored, indicating how good of quality the event data is that is being
used as input.
This project has initially been setup by Liander. They asked specifically for assistance in
the area of process mining, an area that is fairly new to the organization. After some weeks
of brainstorming and a small initial project on process date analysis, the conclusion that had
been drawn is that the quality of data that is being used for analysis purposes was questioned
by the employees themselves. They encounter weird values in certain data-fields. This made the
employees question the correctness of the data being used. From that point on it was decided that
the main focus for this masters project would be on the quality of data, with ways to actually
quantify quality of data.
In this chapter, the following sections are included: Section 1.1 contains the context of this
thesis. Information about Liander is provided in Section 1.2. Section 1.3 contains the problem
description this thesis deals with. Section 1.4 is about the goal of this masters project. Section
1.5 defines the scope of the project and Section 1.6 provides the outline of the rest of this master
thesis.
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1.1

Context

Having the right information at the right time is a major issue in todays society [21]. Not only
for organizations, but also for individuals. Data is accessed and used constantly, from different
sources, at different times. People expect, and count on, that the data being used is of good
quality.
The value of the information directly depends on the quality of the data that is used [21]. That
is why data quality is a concept that plays a major part in information management. “Garbage
In, Garbage Out”, a statement that says that the results of a computation are only as reliable as
the data you provide as input. If invalid data is entered into a system, the resulting output will
also be invalid [16].
In the area of process mining, the event data that is being used is of great importance. Information about events that are related to certain processes are logged (either by human or machine),
with a lot of related information regarding the events. Regarding the setup of this logging and the
human influence, the quality of this data can not always be ensured. And this can lead to issues
or unreliable results when using the event data for analysis purposes.
All the different appliances of algorithms concerning process mining revolves around having
event data as input. That is why the dataset needs to be of a certain quality to make sure it is
ready to be used for acquiring trustworthy results when applying process mining techniques. A
dataset that is flawed and of poor quality will result in an analysis where you are not able to draw
any reliable conclusions from.
Event data quality continues to be a challenge for many organizations as they look to improve
efficiency and customer interaction through data insight. 91 percent of companies suffer from
common data errors [13]. The most common event data errors are incomplete or missing data,
outdated information and inaccurate data. The level of inaccurate data is staggering when one
considers how much businesses are relying on information for business intelligence. The main
cause of inaccurate event data remains to be human error [13]. Identifying these errors would be
one step into the right direction to avoid and fix data issues.
The quality of the data is required to be of a, preferably, high enough degree. This way, results
are acquired that are reliable considering the data that is used. But there is no ‘always-workingsolution’-method to ensure data quality. This means that no specific method that works for all
cases exist. That is why it can be a difficult task to actually quantify event data quality.
This master thesis focuses on the quantification and generalization of specific event data quality
dimensions and aspects, particularly in the area of process mining. All of these quality dimensions
need to be be generic: they have to be applicable on every random event dataset. To a certain
extent, these event data quality dimensions have been developed in the programming language
Java for the tool set ProM, an open source tool created by the Eindhoven University of Technology.

1.2

Liander

As mentioned in the introduction section, this project has been setup in cooperation with Liander.
This section provides information about the company itself, and also why this master project is
done together with Liander 1.1.
Liander is a company that provides energy (both gas and electricity) to certain regions in the
Netherlands. Liander takes care of laying down wiring and all the pipelines, and organizes of the
energy network management. Liander is responsible for around 3 million connections, either to
single customers or to companies [8].
The main goal of the company is to provide every customer with an equal opportunity to access
trustworthy, affordable and sustainable energy. There is a specific strategy for Liander to realize
this goal:
1. Continuously perform better in the field of service towards the customer, guarantying delivery
of energy and minimizing costs.
2
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2. Increase performance in the management of the flow of energy and providing insights in the
usage of energy.
3. Help customers to decrease their usage of energy and help them to switch to durable energy
sources.
To realize these goals, Liander makes use of the data that they are collecting to try and improve
the current state of process execution. They have different teams within Liander concerning IT
related business, but for analysis and reporting purposes there is the Reporting & Analysis Team
(R&A) within Liander. This is the team that is constantly processing the data that is being
produced by the IT systems within Liander.
The question to try and integrate some process mining came from within the R&A team. One
of its members, namely the supervisor from Liander for this master project, is really interested
and charmed by process mining and all of the different aspects it offers. He clearly sees value for
Liander when it comes to the use of process mining. That is why contact has been made with
the University of Technology Eindhoven to setup a masters project combined with an internship.
This way, a pilot in process mining can be realized for Liander.
The first few weeks of this project mainly focused on getting to know Liander, getting some
knowledge on the datasets they had in use, and some of the problems they encountered while
working with the datasets. After a month or two this was narrowed down to one specific aspect
of data itself, the quality of event data.
Eventually the agreement was made that this masters project would revolve around the quality
of event data, how to measure certain quality aspects of event data and having a tool that would
be able to read an event log and produce a quality measure for the event log itself. Liander also
provides multiple datasets to have this tool tested on. This way, Liander sees great added value
in this masters project.

Figure 1.1: Liander Logo. [8]
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1.3

Problem Description

When looking at real-life event logs, it is often the case that these logs are far from ideal and their
quality leaves much to be desired. More attention should be paid to the quality of event data,
event logs, and the manifestation of process characteristics in event logs. This should be done
before applying process mining algorithms [12].
Different problems can occur within event data. Certain data fields can be empty, have been
logged incorrectly, are not in the correct format, etc. These kind of issues are problematic when
using process mining. Data fields that are not intended to have a specific value are taken into
consideration when applying process mining techniques, eventually giving results that are not
reliable due to the mistakes in the event data.
That is why this project focuses on the quantification of specific data quality aspects. This
gives users the possibility to get an insight in different data quality aspects. Also, it gives insights
about the fact whether their event log is actually meeting the right criteria to be of good quality.
This way the user is able to identify common mistakes in their event data, what kind of influences
these mistakes have on the results and information on how to improve their event data such that
the quality improves.
It should be mentioned that all these aspects are generic data quality aspects. This is because
there should be a general approach to measure these data quality aspects, instead of only focusing
on one specific company and their issues found in event logs. Domain knowledge and specific
knowledge of the event log is something that is not taken into consideration within this thesis,
and is purposely avoided.

1.4

Project Goal

The goal of this project is to quantify event data quality aspects. This means that it should be
possible to give an indication for quality aspects how good of quality they are for a specific event
log, and why this is the case. A score should be assigned per event data quality aspect, giving the
user an indication of where the event log has specific issues or notable values, and where it does
not. Also, the user needs to receive an explanation why a specific event data quality aspect has
been scored a certain way, and advice to improve their data where necessary.
All of these data quality aspects are generic. This means that domain knowledge is of no
importance for these quality aspects, making these quality dimensions relevant for any given event
data set.
The interpretation of the user is of importance. Sometimes, what is generally accepted as a
‘bad’ scenario, is not always a bad scenario for specific situations. For example, if it is generally accepted that timestamp values need to be as precise as possible (logged with milliseconds
included), but the company sees absolutely no extra value in this and decides to only log on a
day format, that does not mean that the company works with bad data. It means that their
interpretation of the situation needs to be taken into consideration as well. But since all of these
aspects are made generic in this thesis, it is noted that interpretation is needed when looking at
results from the ProM plug-in that has been created during this project.
A framework for all these aspects needs to be made, together with a generic method (after
combining different literature sources) to describe each quality aspect. From this, the quantification for each data quality aspect can be derived. This makes the step to implementing a specific
quality aspect easier, having all the relevant information in one table per quality dimension.
The ProM plug-in that is created during this project only contains a subset of all the quality
aspects mentioned in this thesis. This because the time frame did not allow for more to be
implemented. The plug-in is built in such a way that it is rather easy to extend, such that others
can continue on improving the plug-in and adding more quality checks.
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1.5

Research Scope

The scope of this project is to quantify and generalize different event data quality aspects, and
implement these in ProM. These event data quality aspects need to be generic quality aspects and
quality checks. This means that:
1. No domain knowledge is required for the event data quality checks (task-independent metrics).
2. Each event data quality check is independent of any process mining algorithm. Raw event
data is being used for the quality check, without any modifications or algorithms applied to
it.
As mentioned before, the implementation in ProM should be easily extensible. In regards to
process mining, we only focus on event data in the form of event logs. Process mining aspects like
process models, data preparation e.g. are not inside the scope of this project.
During the literature study, some data quality dimensions that have been identified are dependent on domain knowledge. Eventually, these are not taken into consideration when describing
them with the framework this thesis presents. They are present in the literature, but outside of
the scope of this project. It is important to mention that not all event data quality dimensions can
be made generic. Sometimes, domain knowledge is needed to be able to give a judgment about
the quality of event data. This is discussed in detail in Chapter 4.
Objective assessments can be task-independent or task-dependent. This project focuses on
task-independent metrics. These metrics do not require any contextual knowledge of the data set
and can be applied to any data set, regardless of the tasks at hand [7].
Task-dependent metrics, which include the organizations business rules, company and government regulations, and constraints provided by the database administrator, are developed in
specific application contexts [7].
From all the literature, as shown in Chapter 3, many different quality dimensions are selected.
From these quality dimensions, only the ones suitable for generic application are selected to carry
on to the framework. The output of the event data quality research itself is a table for each event
data quality dimension in which all important information for quantifying this dimension is given.
This way each dimension is described within a framework such that it is defined as a generic data
quality dimension.
The input for the ProM plug-in is an event log in the XES format, which is discussed in Section
2.4. The output format for the ProM plug-in is a score-card in which an overall score is given for
the quality of the log. Each individual aspect is given a score as well. The user is going to be able
to see the details of a specific aspect and why that aspect is scored a certain way. Advice towards
the user is given where necessary, depending on the findings of the plug-in.

1.6

Thesis Outline

This section gives an outline of the thesis. Each chapter is mentioned with a quick summary of
the information the chapter contains.
Firstly, in Chapter 2, preliminaries are discussed. This provides basic and complementary
information about process mining and ProM. This to actually understand the basics of these
subjects such that everything in this thesis is clear.
Afterwards, in Chapter 3, a literature study is presented. This gives an overview of all the
related literature that is relevant for this project. The main focus with this literature will be the
different data quality aspects and data quality frameworks.
From this literature study, an overview has been created of all the data quality aspects. This
is presented in Chapter 4. All of these aspects are put in a framework that has been conducted
from using the literature study.
Evaluating Quality of Event Data within Event Logs: An Extensible Framework
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Then the technical part of this project is presented. In Chapter 5, the implementation of the
plug-in that has been created for this project is presented. The structure of the plug-in has been
mentioned, the form of input and output and the user interface.
From this implementation of the plug-in, Chapter 6 discusses all the different event logs that
were tested with the plug-in. Also, the results from these experiments, and how the experiments
were conducted, are shown as well.
The final chapter, Chapter 7, summarizes and wraps up this thesis by giving a quick overview
of what has been done and drawing conclusions from all of the previous mentioned chapters. This
chapter also includes an overview of future work. This section gives an overview of possible extensions that could be done, and could have been done if the time frame would have allowed this
to happen.
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Preliminaries
In this chapter, preliminary concepts are introduced that are applicable throughout this thesis.
Understanding the concept of process mining is essential, as discussed in Section 2.1, since this
thesis focuses on data quality within the area of process mining. Special attention is given to the
concept of event logs, namely in Section 2.3. Also, since the plug-in has been implemented for
ProM, this tool is discussed in this chapter, namely in Section 2.2. The last section in this chapter
concerns the XES event log format, since this is used as input for the ProM plug-in.

2.1

Process Mining

In the recent years, Data Science has emerged as a new discipline. According to [19], the definition
of data science is:
“Data science is an interdisciplinary field aiming to turn data into real value. Data may be
structured or unstructured, big or small, static or streaming. Value may be provided in the form
of predictions, automated decisions, models learned from data, or any type of data visualization
delivering insights. Data science includes data extraction, data preparation, data exploration,
data transformation, storage and retrieval, computing infrastructures, various types of mining
and learning, presentation of explanations and predictions, and the exploitation of results taking
into account ethical, social, legal, and business aspects.”
This definition of data science is quite broad. But that is because data science consists of
multiple, partially overlapping, disciplines, as seen in Figure 2.1.

Figure 2.1: Disciplines contributing to data science. [19]
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Within this area of data science, process mining is one of the many disciplines. Process
mining adds the process perspective to machine learning and data mining. It seeks out the
confrontation between event data (e.a. observed behavior) and process models (hand-made or
discovered automatically) [19].
Process science is a broader discipline that combines knowledge from information technology
and knowledge from management sciences to improve and run operational processes [19]. Just like
data science, process science has its own partially overlapping disciplines, as seen in Figure 2.2.

Figure 2.2: Disciplines contributing to process science. [19]
Where does process mining fit in these two disciplines of data science and process science?
Process mining can be seen as the bridge between these disciplines. It brings together traditional
model-based process analysis and data-centric analysis techniques [19].
Process mining emerged as a sub-discipline of both data science and process science, but the
corresponding techniques can be applied to any type of operational process. Examples are: improving customer server processes, analyzing treatment processes in hospitals, understanding the
browsing behavior of customers. [19].
The goal of process mining is to use event data to extract process-related information [1], f.i.
to automatically discover a process model by observing recorded events. It’s worth mentioning
that the task at hand, extracting value from event data, is something organizations have problems
with [19].
As seen in Figure 2.3, the three main types of process mining are all related to event logs.
These event logs are created by the, as in the figure seen, entity ‘world’, which can be actual

Figure 2.3: The three main types of process mining: discovery, conformance and enhancement.[19]
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humans but also machines. The world interacts with software, which generates data. So in order
for process mining to be applied, an event log is needed. And since all the results are based on this
log, it is necessary to make sure that the event log you are using is of decent quality. Otherwise
this would give results that are not usable nor applicable in the real world.
The idea of process mining is to discover, monitor and improve real processes by extracting
knowledge from event logs readily available in today’s systems [19]. Event logs can be used to
conduct three types of process mining, as shown in Figure 2.3.
• Discovery: A discovery technique takes an event log and produces a process model without
using any a-priori information. Information about resources can also be turned into different
models.
• Conformance: An existing process model is compared to the event log of the same process.
It checks whether reality conforms to the existing model. Conformance checking may be used
to detect, locate and explain deviations, and to measure the severity of these deviations.
• Enhancement: The idea of enhancement is to extend or improve the existing process model
using the information of an event log. Methods like repairing a model to reflect reality more
accurate and extending the current model can give better insights in real life processes.
Process mining can be used to identify bottlenecks, service levels, throughput times and frequencies [19]. There are four different mining perspectives:
• Control-flow perspective: The control-flow is the main focus here, i.e. the ordering of
activities. The goal of process mining is to find a good characterization of possible paths.
• Organizational perspective: Focuses on resource information in the log.
• Case perspective: Focuses on properties of cases.
• Time perspective: Concerns with the timing and frequency of events.
With all these perspectives and process mining types combined, lots of analyses can be done in
order to discover new insights about the current state of a process within an organization. From
this, one can improve where work is not going as planned or as expected, such that performance
can be improved. The ability to identify issues is really valuable for companies, especially if these
issues are fixable.
In Section 2.3, explanatory information on event logs is given, since this on of the focus points
of this project.

2.2

ProM

ProM is a generic open-source framework where various process mining algorithms have been implemented [1]. It provides a platform to users and developers of process mining algorithms that
is easy to use and easy to extend [17]. The language in which these algorithms are implemented
is Java. In most cases, the starting input for ProM is an event log, preferably in XES format.
Furthermore it can also load process model definitions in a wide variety of formats [1].
The architecture for ProM allows for six different types of plug-ins [22]:
•
•
•
•

Mining plug-ins: Implements a mining algorithm, which constructs a process model.
Export plug-ins: Implements a ”save as” functionality for specific objects.
Import plug-ins: Implements an ”open” functionality for exported objects.
Analysis plug-ins: Implements an analysis property on earlier mining results. This is often
an analysis on earlier constructed process models.
• Conversion plug-ins: Implements conversions between different data formats.
• Visualizer plug-ins: Implements a visualization for different data formats. These are plug-ins
that provide the (graphical) user interface.
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As an example of using ProM, Figure 2.4 shows a dotted chart that is the result of an analysis
plug-in. In this example, each row represents a single trace (case) as found in the event log. The
horizontal axis is set to relative time. In the dotted chart you can visually see when activities are
executed, which can be a nice visualization to check for timegaps or work overload for example.

Figure 2.4: An example of a dotted chart in ProM Lite 1.1.

2.3

Event Logs

The starting point for process mining is an event log. The event in such a log refers to an activity
and is related to a particular process instance [14]. The events belonging to such a process instance
are ordered, in the form of timestamps. These timestamps keep track of the exact time an activity
occurred. In addition to a timestamp for each activity, there may be more data elements recorded
that refer to properties of the case [22]. This is often needed when analyzing event logs, such that
more information can be extracted out of the event log besides the discovery of a process model.
We assume that it is possible to record events such that [22]:
i Each event refers to an activity (an action within the process).
ii Each event refers to a case (an entity going through a process).
iii Each event can have a performer / originator (the resource executing the activity).
iv Events have a timestamp and are totally ordered.
Each activity within an event log can occur multiple times in the form of an event. But each
event only represents one single activity. Events represent atomic granules of an activity that has
been observed during the execution of a process. This means that an event can not be broken
down into smaller pieces. Hence, no duration for an activity is denoted, only the time on which
the event occurred.
10
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Table 2.1: Example of an event log [22].
case id
case 1
case 2
case 3
case 3
case 1
case 1
case 2
case 4
case 2
case 2
case 5
case 4
case 1

activity id
activity A
activity A
activity A
activity B
activity B
activity C
activity C
activity A
activity B
activity D
activity A
activity C
activity D

originator
John
John
Sue
Carol
Mike
John
Mike
Sue
John
Pete
Sue
Carol
Pete

timestamp
9-3-2004:15.01
9-3-2004:15.12
9-3-2004:16.03
9-3-2004:16.07
9-3-2004:18.25
10-3-2004:9.23
10-3-2004:10.34
10-3-2004:10.35
10-3-2004:12.34
10-3-2004:12.50
10-3-2004:13.05
11-3-2004:10.12
11-3-2004:10.14

The only way to have the duration represented in the event log is to have a start and end
time for the activity, meaning that you have two events that actually refer to the same single
activity, but are not represented that way. The activity itself is split up in two separate activities,
indicating the start time of the activity and the end time. The two events indicating start and
end times refer to these two activities.
An example of an event log is given in Table 2.1. Here you can see that an event log consists of
multiple columns, each indicating an attribute. In this example, case id refers to the entity going
through the process. The activity id column is the name of the activity, the originator column
indicates the resource that executed the activity and the timestamp column expresses the time on
which the activity has been executed.
Each row in the table refers to a case by the means of an identifier. A case is one single
entity moving through the process. So it occurs that there are multiple rows with the same case
identifier, since that same case goes through multiple activities.
All the activities that have been executed for a single case, put together, are called a trace. So
a trace consists of a series of events, with each event having their own attributes (like a timestamp,
activity name, originator etc.). An event log is build from a list of different traces.
To summarize some terminology:
• Event log: A log that consists of all logged events.
– Consists of multiple traces.
• Trace: A sequence of events that are executed in a certain order, indicating specific process
steps (activities).
– Consists of a sequence of events.
• Event: A single activity executed for a single case, which always contains a timestamp
attribute.
– Consists of a set of attributes.
• Attribute: A property of either a log, trace or an event.
– Consists of a key, type and value.
– Attributes can have attributes as well.
Evaluating Quality of Event Data within Event Logs: An Extensible Framework
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2.4

XES

Event logs, as they occur in practice and research, can take on a wide variety of forms and
instantiations. Every system architecture that includes some sort of logging mechanism has so far
developed their own, insular solution for this task.
XES is an XML-based standard for event logs. Its purpose is to provide a generally acknowledged format for the interchange of event log data between tools and application domains. Its
primary purpose is usage for process mining, i.e. the analysis of operational processes based on
their event logs. However, XES has been designed to also be suitable for general data mining, text
mining, and statistical analysis [4].
All of the following information has been extracted from [4]. The basic structure for XES is
introduced here. This is done for getting an understanding of the XES structure, which is necessary to understand the implementation of the ProM plug-in. In Figure 2.5, a class diagram is
shown for the meta-model for the XES standard. In Section 2.3 the different terms used here have
already been explained. That is why a couple of terms are only being explained in a relation to
the XES model.

Figure 2.5: UML Class Diagram for the complete meta-model for the XES standard. [4]
On the top level, there is one log object. This log contains all the event information that is
related to one specific process. The tag name for the log object in the XML serialization of XES:
<log>.
A log contains an arbitrary number of trace objects. Tag names for the trace object in XML
serialization of XES: <trace>.
12
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Every trace contains an arbitrary number of event objects. Events represent atomic granules
of activity that have been observed during the execution of a process. Tag name for the event
object in the XML serialization of XES: <event>.
The log, trace, and event objects contain no information themselves. They only define a certain structure. All real information is stored in attributes. Each attribute describes their parent
element: log, trace, etc. Each attribute has a string-based unique key, such that it has an identifier.
An attribute can have a specific type, like:
•
•
•
•
•
•

String value - xs:string data type.
Date value - xs:dateTime data type.
Integer value - xs:long data type.
Float value - xs:double data type.
Boolean value - xs:boolean data type.
ID value - xs:string data type.
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Also, different extensions have been standardized. This due to recurring requirements for
information stored in event logs, which demand a fixed and universally understood semantics.
The extensions present in the XES standard are:
• Concept Extension: The Concept extension defines, for all levels of the XES type hierarchy, an attribute which stores the generally understood name of type hierarchy elements.

Attribute Level
log, trace, event

Key
name

Type
string

event

instance

string

Description
Stores a generally understood name for any
type hierarchy element. For logs, the name attribute may store the name of the process having been executed. For traces, the name attribute usually stores the case ID. For events,
the name attribute represents the name of the
event, e.g. the name of the executed activity
represented by the event.
The instance attribute is defined for events. It
represents an identifier of the activity instance
whose execution has generated the event.

• Lifecycle Extension: The Lifecycle extension specifies, for events, the lifecycle transition
they represent in a transactional model of their generating activity. Some examples of these
lifecycle states are the start time, end time, resume time or withdraw time of an activity.
The standard transactional model used in the XES standard can be seen in Figure 2.6.

Attribute Level
log

Key
model

Type
string

event

transition

string
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Description
This attribute refers to the lifecycle transactional model used for all events in the log.
If this attribute has a value of standard, the
standard lifecycle transactional model of this
extension is assumed.
The transition attribute is defined for events,
and specifies the lifecycle transition represented by each event.
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• Organizational Extension: The organizational extension is useful for domains, where
events can be executed by human actors, who are part of an organizational structure. This
extension specifies three attributes for events, namely the resource that has triggered the
event, the role of this resource within the organizational structure and the group within the
organizational structure where the resource belongs to.

Attribute Level
event

Key
resource

Type
string

event

role

string

event

group

string

Description
The name, or identifier, of the resource having
triggered the event.
The role of the resource having triggered the
event, within the organizational structure.
The group within the organizational structure, of which the resource having triggered
the event is a member.

• Time Extension: In almost all applications, the exact date and time at which events occur
can be precisely recorded. Storing this information is the purpose of the time extension.

Attribute Level
event

Key
Type
timestamp date

Description
The date and time, at which the event has
occurred.

• Semantic Extension: To express the fact, that one type artifact may represent a number
of concepts in a process meta-model, the semantic extension has been defined.

Attribute Level
log, trace, event,
meta

Key
modelReference

Type
string

Description
References to model concepts in an ontology.
Model references are stored in a literal string,
as comma-separated URIs identifying the ontology concepts.
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• ID Extension: Provides unique identifiers (UUIDs) for elements.

Attribute Level
log, trace, event, meta

Key
id

Type
id

Description
Unique identifier (UUID) for an element.

• Cost Extension: The cost extension defines a nested element to store information about
the cost associated with activities within a log.

Attribute
Level
trace, event

Key

Type

Description

total

float

trace, event

currency string

meta
meta

amount
driver

float
string

meta

type

string

Total cost incurred for a trace or an event. The value
represents the sum of all the cost amounts within the
element.
The currency of all costs of this element in any valid
currency format.
The value contains the cost amount for a cost driver.
The value contains the id for the cost driver used to
calculate the cost.
The value contains the cost type (e.g., Fixed, Overhead,
Materials).

This XES standardized structure, attributes and the mentioned extensions are used during the
process of implementing the plug-in for ProM. The open source library OpenXES provides access
to the XES format event log, which is necessary to be able to write the source code in Java. More
of this library is explained in Section 5.3.
In the following XML code, you can see an example of a simple XES format event log [4].
<? xml v e r s i o n=” 1 . 0 ” e n c o d i n g=”UTF−8” ?>
<l o g x e s . v e r s i o n=” 2 . 0 ” x e s . f e a t u r e s=” a r b i t r a r y −depth ” xmlns=” h t t p : //www. xes−
s t a n d a r d . o r g / ”>
<e x t e n s i o n name=” Concept ” p r e f i x=” c o n c e p t ” u r i=” h t t p : //www. xes−s t a n d a r d . o r g /
c o n c e p t . x e s e x t ” />
<t r a c e>
< s t r i n g key=” c o n c e p t : n a m e ” v a l u e=” Trace number one ” />
<e v e n t>
< s t r i n g key=” c o n c e p t : n a m e ” v a l u e=” R e g i s t e r c l i e n t ” />
< s t r i n g key=” system ” v a l u e=” a l p h a ” />
<d a t e key=” t i m e : t i m e s t a m p ” v a l u e=”2009−11−25 T 1 4 : 1 2 : 4 5 : 0 0 0 +02 : 0 0 ” />
<i n t key=” attempt ” v a l u e=” 23 ”>
<b o o l e a n key=” t r i e d hard ” v a l u e=” f a l s e ” />
</ i n t >
</ e v e n t>
<e v e n t>
...
</ e v e n t>
</ t r a c e>
<t r a c e>
<e v e n t>
...
</ e v e n t>
...
</ t r a c e>
...
< / l o g>
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As you can see, the example XML code contains the structure of an event log. Within this
event log multiple traces occur, and these traces consist of a sequence of events. The different
attributes (for both the trace and the event) are defined with different data types, like strings and
booleans. Also, an extension is defined. In this example the concept extension is defined, which
has the prefix “concept:” in the XML code.

Figure 2.6: Standard Lifecycle model as seen in the XES standard [4].
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Chapter 3

Literature Study
This thesis presents several event data quality dimensions, all of them based on previous work in
the literature. In this chapter, the previous work that this thesis is based on is mentioned. The
information found revolves around the different aspects/dimensions of (event) data quality, their
definitions and different frameworks of defining them in a structured way.
Section 3.1 focuses on data quality and event data problems. Section 3.2 presents different
data quality dimensions found in the literature, which are used for general data. This means
not particularly focusing on event data. In Section 3.3, the focus lies on event data quality
dimensions. The last section of this chapter is Section 3.4, where frameworks are presented that
define a structured way of defining an event data quality dimension.

3.1

Data Quality and Event Data Problems

This section contains an overview of existing literature, about data quality problems together with
event data problems. Also, the challenges regarding the quality of event data is discussed.
Typically, an organization identifies their data quality problems when these problems have just
affected the business performance negatively. Once this has occurred, executives would quantify
the impact of these data quality problems to several levels (organizational, economic, etc.) in
order to be able to classify them [6]. More than 25 percent of critical data within the 1.000 largest
companies in America is flawed [5].
Studies have confirmed that data quality is a multi-dimensional concept. Companies must
deal with both the subjective perceptions of the individuals involved with the data, and the
objective measurements based on the data set in question. Subjective data quality assessments
reflect the needs and experiences of stakeholders: the collectors, custodians, and consumers of
data products. If stakeholders assess the quality of data as poor, their behavior will be influenced
by this assessment [7].
Today, many enterprise information systems store relevant events in some structured form. For
example, workflow management systems typically register the start and completion of activities.
ERP systems like SAP log all transactions, e.g., users filling out forms, changing documents, etc.
These examples show that many systems have some kind of event log often referred to as “history”,
“audit trail”, “transaction log”, etc. The event log typically contains information about events
referring to an activity and a case [22].
In relation to process mining, there are a few challenges regarding the quality of event data
and event logs. It still takes considerable efforts to extract event data suitable for process mining. Hurdles like data distribution over several sources, incomplete data, outliers within data,
granularity of events within logs and data context need to be overcome [11]. Also, event data
problems can include data inconsistencies, anomalies, missing data, duplicate data, data that does
not meet specific business rules, and orphaned data etc. These problems can limit or even ruin
Evaluating Quality of Event Data within Event Logs: An Extensible Framework

19

CHAPTER 3. LITERATURE STUDY

data initiatives [3].

3.2

General Data Quality Literature

This section contains literature regarding general data quality dimensions. These dimensions
do not focus specifically on event data, but when linking these with event data, they are deemed
relevant and applicable. The order in which the literature is presented is from a high abstract-level
to an concrete as possible level.
In [10], a data quality dimension is defined as: “A Data Quality (DQ) Dimension is a recognized
term used by data management professionals to describe a feature of data that can be measured or
assessed against defined standards in order to determine the quality of data.”
The term data quality dimension has been widely used for a number of years to describe the
measure of the quality of data. However, even amongst data quality professionals, the key data
quality dimensions are not universally agreed upon [10].
Within the literature there are a lot of different takes on specifying the core data quality dimensions. These takes are mentioned in this section, and summarized in Section 4.1.

3.2.1

UNECE [15]

In [15], attention to the input stage is given. A hierarchical structure is used for the framework that
is presented in this paper. The structure consists of three hyper-dimensions: source, meta-data
and data. Within each of these hyper-dimensions, quality dimensions are nested.
Within the input stage, the source and meta-data dimensions deal with aspects of the data
source that may be discoverable prior to actually obtaining the data. For this reason, source and
meta-data hyper-dimensions provide the opportunity for assessment before the data is obtained.
Such an assessment is sometimes referred to as the discovery phase, and can be undertaken, for
example, to decide the fitness of the data for its intended use, determine what uses the data might
be put to, or how much effort should be spent in acquiring it. Quality dimensions in the data
hyper-dimension, on the other hand, can only be assessed once the data is actually acquired. Table
3.1 gives an overview of the framework for the input phase of the business process.
The paper gives a nice overview of different data quality aspects and is a very rich data quality
information source. The different dimensions are also explained in detail within the paper, but
this information is too specific to include in this thesis. Many of these quality dimensions are
applicable to event data, meaning that they fit in the context of this project very well.
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Table 3.1: Data Quality Dimensions as defined by UNECE [15].
Hyperdimension
Source

DQ Dimension
Institutional / Business
Environment
Privacy and Security

Metadata

Complexity

Coherence consistency

Completeness
Linkability
Time-related factors

Usability
Validity
Data

Accuracy and selectivity

Coherence consistency
Linkability
Validity

Factors
Sustainability of the entity-data provider
Reliability status
Transparency and interpretability
Legislation
Data Keeper vs. Data provider
Restrictions
Perception
Technical constraints
Whether structured or unstructured
Readability
Presence of hierarchies and nesting
Standardisation
Metadata available for key variables (classification
variables, construct being measured)
Whether the metadata is available, interpretable and
complete.
Presence and quality of linking variables
Linking level
Timeliness
Periodicity
Changes through time
Resources required to import and analyse
Risk analysis
Transparency of methods and processes
Soundness of methods and processes
Total survey error approach
Reference datasets
Selectivity
Coherence between metadata description and observed data values.
Quality of linking variables
Coherence between processes and methods and observed data values.
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3.2.2

Ismael. Caballero et al. [6]

In [6], measurement concepts are presented that identify methods for generating business value. In
Table 3.2 each measurement concept is written down together with the source of the measurement
value (either the user or the data store). The methods of generating these data measurement is
mentioned as well. Lots of user interaction is required as can be seen in the table. User sampling
and experience is very important, next to continuous assessment of the data. Parsing the data
can give insights in different quality dimensions as well, like completeness and timeliness.
This clear distinction between user related measurement concepts and data store related objects
is of great value. All the quality checks that are in the context of this thesis are related to the
event data itself, not the user. This because it can be quite difficult to measure the degree of
quality of something that a user has to evaluate.
Some of the user related measurement concepts are still interesting to look at though. It is
very difficult to come up with a decent measurement for understandability, but the relevancy can
be interpreted in such a way that it can be applied to event data. So although the measurement
concepts that are related to the user are in general not easy to make generic, it is still interesting
to keep them in mind and evaluate whether it is possible to place them in the context of this project.

Table 3.2: Data Quality Dimensions as defined by Ismael. Caballero et al. [6]
Metadata Source
Subject (user)

Object (data store)

3.2.3

DQ Dimension
Believability
Concise representation
Intepretability
Relevancy
Reputation
Understandability
Value-Added
Completeness
Objectivity
Reliability
Security
Timeliness
Verifiability

Methods of Generating Meta Data
User experience
User sampling
User sampling
Continuous user assessment
User experience
User sampling
Continuous user assessment
Parsing, sampling
Expert input
Continuous assessment
Parsing
Parsing
Expert input

Danette McGilvray [9]

As found in [9], a “Data Quality Dimension” is an aspect or feature of information and a way to
classify information and data quality needs. Dimensions are used to define, measure, and manage
the quality of the data and information. Table 3.3 contains all the dimensions as mentioned in
the book.
The table gives a variety of quality dimensions, some of them very suitable to be turned into
a generic event data quality dimension. Lots of quality dimensions, like accuracy, consistency,
timeliness and security, are mentioned in other literature as well, which gives confidence that
these quality dimensions are generally accepted as being relevant.
It is important to understand the business issues driving the data quality assessment and improvement activities. After that, the questions: “Should I assess the data?” and “Can I assess
the data?” should be answered. It is needed to only assess and manage the quality for those
dimensions where the answer to both of the questions is a “yes” [9].
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Table 3.3: Data Quality Dimensions as defined by Danette McGilvray [9].
DQ Dimension
Accuracy

Consistency
and
synchronization
Data coverage
Data decay
Data integrity fundamentals
Data specifications

Duplication
Ease of use and
maintainability
Perception, relevance, and trust
Presentation quality
Security and privacy
Timeliness
and
availability
Transactability
Other relevant dimensions

3.2.4

Definition
A measure of the correctness of the content of the data (which
requires an authoritative source of reference to be identified and
accessible).
A measure of the equivalence of information stored or used in
various data stores, applications, and systems, and the processes
for making data equivalent.
A measure of the availability and comprehensiveness of data compared to the total data universe or population of interest.
A measure of the rate of negative change to the data.
A measure of the existence, validity, structure, content, and other
basic characteristics of the data.
A measure of the existence, completeness, quality, and documentation of data standards, data models, business rules, metadata,
and reference data.
A measure of unwanted duplication existing within or across systems for a particular field, record, or data set.
A measure of the degree to which data can be accessed and used
and the degree to which data can be updated, maintained, and
managed.
A measure of the perception of and confidence in the quality of the
data; the importance, value, and relevance of the data to business
needs.
A measure of how information is presented to and collected from
those who utilize it. Format and appearance support appropriate
use of information.
A measure of the ability to protect the data and information assets from unauthorized access, use, disclosure, disruption, modification, or destruction.
A measure of the degree to which data are current and available for
use as specified and in the time frame in which they are expected.
A measure of the degree to which data will produce the desired
business transaction or outcome.
Other aspects or features of data and information that are important for your organization to define, measure, and manage.

Yang W. Lee et al. [7]

In [7], both subjective and objective assessments of data quality are described. In Table 3.4, you
can see all the data quality dimensions that are mentioned in [7]. This list is made from making
use of a questionnaire, developed for health care, finance and consumer product companies.
Each of these quality dimensions is explained briefly, with enough information to get an idea
of how the definition of the quality dimension looks like. Each of the dimension is described with
the words “The extent to”, which gives a form of quantification of what the data needs to be
conform, or is not conform to. This gives some valuable information on how to evaluate certain
quality dimensions, and is helpful for relating them to the event data, which is the main focus of
this project.
The list of quality dimensions is not event data specific, making it difficult to relate them to
event data and their quality measurements. But for some of these dimensions, the relation to
event data can be made, for which the paper presents valuable information.

Evaluating Quality of Event Data within Event Logs: An Extensible Framework

23

CHAPTER 3. LITERATURE STUDY

Table 3.4: Data Quality Dimensions as defined by Yang W. Lee et al. [7].
.
DQ Dimension
Accessibility
Appropriate
Amount of Data
Believability
Completeness
Concise Representation
Consistent Representation
Ease of Manipulation
Free-of-Error
Interpretability
Objectivity
Relevancy
Reputation
Security
Timeliness
Understandability
Value-Added
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Definition
The extent to which data is available, or easily and quickly retrievable.
The extent to which the volume of the data is appropriate for the
task at hand.
The extent to which data is regarded as true and credible
The extent to which data is not missing and is of sufficient breadth
and depth for the task at hand.
The extent to which data is compactly represented.
The extent to which data is presented in the same format.
The extent to which data is easy to manipulate and apply to
different tasks.
The extent to which data is correct and reliable.
The extent to which data is in appropriate languages, symbols,
and units, and the definitions are clear.
The extent to which data is unbiased, unprejudiced, and impartial.
The extent to which data is applicable and helpful for the task at
hand.
The extent to which data is highly regarded in terms of its source
or content.
The extent to which access to data is restricted appropriately to
maintin its security.
The extent to which the data is sufficiently up-to-date for the task
at hand.
The extent to which data is easily comprehended.
The extent to which data is beneficial and provides advantages
from its use.
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Table 3.5: Data Quality Dimensions as defined by C. AbouZahr et al. [2].
DQ Dimension
Accessibility

Accuracy

Coherence

Confidentiality

Credibility

Disaggregation
Interpretability

Periodicity
Relevance
Representativeness
Timeliness

3.2.5

Definition
Data can be readily located and accessed in multiple dissemination formats that incorporate information on the types of data
collected and how.
Data correctly estimate or describe the quantities or characteristics being measured; in other words that the values obtained are
close to the (unknown) true values.
Statistical definitions and methods are consistent and any variations in methodology that might affect data values are made
clear. For example, different household surveys using similar
wording to generate data on the same indicators.
Data-management practices are aligned with established confidentiality standards for data storage, backup, transfer (especially
over the Internet) and retrieval.
Users have confidence in the statistics and trust the objectivity
of the data, which are perceived to be professionally produced in
accordance with appropriate standards and transparent policies
and practices.
Data can be, for example, stratified by sex, age and major geographical or administrative region.
Users can readily understand, use and analyse the data, assisted
by clear definitions of concepts, target populations, variables and
terminology, as well as by information describing the limitations
of the data.
Vital statistics are shared regularly so that they serve the ongoing
needs of policymakers for up-to-date information.
Data meet the needs of users at different levels.
Data adequately represent the whole population and relevant subpopulations.
Delays between data collection and availability or publication are
minimized, although not to the extent of compromising accuracy
and reliability.

C. AbouZahr et al. [2]

According to [2], undertaking data quality assessment should not be viewed as a fault-finding
exercise designed to identify errors and apportion blame. Instead the purpose should be to engage
with vital statistics producers and users at all levels in order to identify weaknesses in the data
and correct problems.
It is almost impossible for data to continuously meet all of the key quality criteria that are
shown in Table 3.5. Inevitable trade-offs will have to be made, for example between timeliness,
representativeness and accuracy. The dimensions mentioned in the table have been chosen after
comparing different data quality frameworks that use roughly the same criteria for assessing data
quality.
Although the data quality dimensions mentioned in the paper are setup specifically for health
information and statistical systems, these quality dimensions are seen in other literature as well,
indicating that this is not solely related to the health organizations domain. Not all of these
dimensions are suited for being made in a generic metric, but some of these are, like relevance and
timeliness.
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Table 3.6: Data Quality Dimensions as defined by N. Askham et al. [10].
DQ Dimension
Accuracy
Completeness
Consistency
Timeliness
Uniqueness
Validity

3.2.6

Definition
The degree to which data correctly describes the ”real world”
object or event being described.
The proportion of stored data against the potential of “100% complete.
The absence of difference, when comparing two or more representations of a thing against a definition.
The degree to which data represent reality from the required point
in time.
No thing will be recorded more than once based upon how that
thing is identified.
Data are valid if it conforms to the syntax (format, type, range)
of its definition.

N. Askham et al. [10]

In [10], different quality dimensions are mentioned. The definition for each of these dimensions is
given in Table 3.6. The paper has been designed to assist data quality practitioners when looking
to assess and describe the quality of the data in their organizations.
The six best practice definitions, according to [10], have been defined as generic data quality
dimensions. This way, uncertainty and confusion that may arise when considering data quality
will be reduced. It is advised to use these dimensions and definitions as a standard by data quality
practitioners, but in some situations not all of these dimensions may be deemed relevant.
For this project, these data quality dimensions that have been made generic are really useful,
and fit within the scope of the project perfectly. All of these quality dimensions are being used
in the definition of the generic dimensions in Chapter 4. The only challenge for the dimensions
mentioned in [10] is to make them applicable specifically to event data, instead of general data.

3.2.7

Jason Hover [5]

As [5] mentions, data needs to be understood before it can be fixed. This can be done with the
use of data profiling, a systematic analysis of the content of a data source, types of analysis are
performed. With this analysis, quality of the data is measured. The following analysis aspects are
mentioned in the report:
• Completeness Analysis: How often is a given attribute populated, versus blank or null?
• Uniqueness Analysis: How many unique (distinct) values are found for a given attribute
across all records? Are there duplicates? Should there be?
• Value Distribution Analysis: What is the distribution of records across different values
for a given attribute?
• Range Analysis: What are the minimum, maximum, average and median values found for
a given attribute?
• Pattern Analysis: What formats were found for a given attribute, and what is the distribution of records across these formats?
All of these analysis aspects are very specific, applied on general data. The paper defines data
quality as a measure of accuracy, validity and completeness of data. Data needs to be of sufficient
quality to support the business purpose(s) for which it is being used.
The costs of poor data quality are ongoing and substantial. That is why it is important to
know your data before you can fix it. That is where data profiling comes into play.
All of these different analysis techniques can be applied to get some insights in the data you
are working with, being also applicable to event data. Not all of these analysis aspects can be
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turned into a generic quality assessment, but could still be useful to report as feedback to the user.
This because data insights can be really valuable for the user(s) of the data.
As seen in the literature, different researchers have proposed different sets of data quality
dimensions. However, due to the contextual nature of quality, there are discrepancies on what
constitutes a set of “good” data quality dimensions. Research shows that a general set of data
quality dimensions that can be used to measure the data quality does not exist [25].

3.3

Event Data Quality Literature

This section presents literature that focuses on quality dimensions specifically for event data within
the area of process mining.

3.3.1

R.P. Jagadeesh Chandra Bose et al. [12]

Four event log quality issues are identified in [12]. In the paper, these four issues are each split up
in nine different categories. In Figure 3.1, these four event log quality issues are mentioned with
the nine different categories. Note that the term ‘c attribute’ stands for a case (trace) attribute,
and the term ‘e attribute’ stands for an event attribute.

Figure 3.1: The four main event log quality issues on nine different data levels. [12]
Only the four high level issues that are mentioned in the paper will be discussed, with keeping
the nine categories in mind.
• Missing Data: This corresponds to the scenario where different kinds of information can
be missing in a log although it is mandatory. For example, a certain entity of a log such
as an event, event attribute/value, and relation is missing. Missing data mostly reflects a
problem in the logging framework/process.
Evaluating Quality of Event Data within Event Logs: An Extensible Framework
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• Incorrect Data: This corresponds to the scenario where although data may be provided
in a log, it may turn out that, based on context information, the data is logged incorrectly.
For example, an entity, relation, or value provided in a log is incorrect.
• Imprecise Data: This corresponds to the scenario where the logged entries are too coarse
leading to a loss of precision. Such imprecise data prohibits in performing certain kinds
of analysis where a more precise value is needed and can also lead to unreliable results.
For example, the timestamps logged can be too coarse (e.g., in the order of a day) thereby
making the order of events unreliable.
• Irrelevant Data: This corresponds to the scenario where the logged events may be irrelevant as it is for analysis but another relevant entity may have to be derived/obtained (e.g.,
through filtering/aggregation) from the logged entities. However, in many scenarios such
filtering/transformation of irrelevant events is far from trivial and this poses as a challenge
for process mining analysis.
These main issues have been identified after having applied process mining techniques in over
100 organizations [12]. These experiences resulted in the conclusion that real-life logs are often
incomplete, noisy and imprecise.
The paper indicates that the main goal is to highlight quality issues, not solve them. That is
also the case for this project, making sure that the user is aware of the data and the problems/flaws
that are identified in the data. All of the data issues mentioned in the paper are suitable for being
made into a generic metric. These issues have already been addressed in previous mentioned literature. The fact that these dimensions are reoccurring means that they are deemed very important
for addressing the quality of data.

3.3.2

Wil M.P. van der Aalst [20]

To avoid common problems or issues with event data and event logs, it is desired to avoid making
certain mistakes, instead of making these mistakes and needing to fix them afterwards. That is
why in [20], specific guidelines for logging are introduced.
Each of these guidelines specify an issue that generally occurs with event data, and how to
avoid this issue. The guidelines are used by translating them into generic event data quality
checks, if possible. Section 4.1 describes this in detail.
The guidelines for logging are presented in the list below:
• GL1: Reference and attribute names should have clear semantics, i.e., they should have
the same meaning for all people involved in creating and analyzing event data. Different
stakeholders should interpret event data in the same way.
• GL2: There should be a structured and managed collection of reference and attribute names.
Ideally, names are grouped hierarchically (like a taxonomy or ontology). A new reference or
attribute name can only be added after there is consensus on its value and meaning. Also
consider adding domain or organization specific extensions.
• GL3: References should be stable (e.g., identifiers should not be reused or rely on the
context). For example, references should not be time, region, or language dependent. Some
systems create different logs depending on the language settings. This is unnecessarily
complicating analysis.
• GL4: Attribute values should be as precise as possible. If the value does not have the
desired precision, this should be indicated explicitly (e.g., through a qualifier). For example,
if for some events only the date is known but not the exact timestamp, then this should be
stated explicitly.
• GL5: Uncertainty with respect to the occurrence of the event or its references or attributes
should be captured through appropriate qualifiers. For example, due to communication
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errors, some values may be less reliable than usual. Note that uncertainty is different from
imprecision.
GL6: Events should be at least partially ordered. The ordering of events may be stored explicitly (e.g., using a list) or implicitly through an attribute denoting the event’s timestamp.
If the recording of timestamps is unreliable or imprecise, there may still be ways to order
events based on observed causalities (e.g., usage of data).
GL7: If possible, also store transactional information about the event (start, complete,
abort, schedule, assign, suspend, resume, withdraw, etc.). Having start and complete events
allows for the computation of activity durations. It is recommended to store activity references to be able to relate events belonging to the same activity instance. Without activity
references it may not always be clear which events belong together, which start event corresponds to which complete event.
GL8: Perform regularly automated consistency and correctness checks to ensure the syntactical correctness of the event log. Check for missing references or attributes, and reference/attribute names not agreed upon. Event quality assurance is a continuous process (to
avoid degradation of log quality over time).
GL9: Ensure comparability of event logs over time and different groups of cases or process
variants. The logging itself should not change over time (without being reported). For
comparative process mining, it is vital that the same logging principles are used. If for some
groups of cases, some events are not recorded even though they occur, then this may suggest
differences that do not actually exist.
GL10: Do not aggregate events in the event log used as input for the analysis process.
Aggregation should be done during analysis and not before (since it cannot be undone).
Event data should be as “raw” as possible.
GL11: Do not remove events and ensure provenance. Reproducibility is key for process
mining. For example, do not remove a student from the database after he dropped out since
this may lead to misleading analysis results. Mark objects as no relevant (a so-called ”soft
delete”) rather than deleting them: concerts are not deleted, they are canceled. Employees
are not deleted, they are marked with a red color, etc.
GL12: Ensure privacy without losing meaningful correlations. Sensitive or private data
should be removed as early as possible (i.e., before analysis). However, if possible, one
should avoid removing correlations. For example, it is often not useful to know the name of
a student, but it may be important to still be able to use his high school marks and know
what other courses he failed. Hashing can be a powerful tool in the trade-off between privacy
and analysis.

Data Quality Dimension - Framework

(Event) data quality dimensions are defined in different ways in the literature. Some papers present
a framework to describe a data quality dimension, by declaring specific attributes for a quality
dimension. It gives an overview of specific properties the quality dimension has, for example how
the quality dimension can be measured, pseudo-code for measuring a quality dimension etc.
In Table 3.7, a data quality framework can be seen as presented in [10].
This framework gives a way to define a data quality dimension in a structured way. The purpose of this framework is to be specific about the measurement of the quality dimension. This
framework gives many elements that are necessary to define a quality dimension. It provides a
way to define the way of measurement and its unit, but is not concrete in defining a judgment
for the quality of the specific dimension. The framework puts lots of focus on the specific quality
dimension itself, but not on the result of the quality measurement.
In Table 3.8, the framework as seen in [6] is presented.
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Table 3.7: Data Quality Framework as defined by N. Askham et al [10].
Term
Title
Definition
Reference
Measure
Scope
Unit of Measure
Type of Measure
Related Dimension
Optionality
Example(s)
Pseudo-Code

Definition
Name of the quality dimension.
The definition of the quality dimension.
The rules against which a dimension is being compared.
The process of establishing the extent to which the dimension conforms to its
unit of measure.
The uses to which the dimension is applicable.
The method of measurement.
Either assessment, continuous or discrete measurement.
Defines any associated dimensions.
Optional, not required or mandatory.
A made-up example situation where it is illustrated what is being measured
and what the actual result is.
Using simple English to represent complex programming language or a method
of describing complex computer programming code.

This framework focuses more on the measurement of a quality dimension, when compared to
the previous framework. The purpose of this framework is to have one universal standard that
everyone agrees upon. The framework is very elaborate on the measurement and the result of
the measurement. Overall it contains lots of important elements when defining a data quality
measurement.
In the upcoming chapter, these frameworks are discussed in more detail, and combined into
one framework that is being used for this project.
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Table 3.8: Data Quality Framework as defined by I. Caballero et al [6].
Concept
Base Measure
Derived Measure
Decision Criteria
Function
Indicator
Measure
Measurement
Measurement
Method
Measurement Procedure
Model
Oberservation
Scale
Type of Method

Unit of Measurement
Value

Meaning
An attribute and the method for quantifying it.
A measure that is defined as a function of two or more base measures.
Numerical threshold or targets used to determine the need for action or further
investigation, or to describe the level of confidence in a given result.
An algorithm or calculation performed to combine two or more base measures.
An estimate or evaluation of specified attributes derived from a model with
respect to defined information need.
A quantitative or categorical representation of one or more attributes.
A set of operations having the object of determining a value of a measure.
A logical sequence of operations, described generically, used in quantifying an
attribute with respect to a specified scale.
A set of operations, described specifically, used in the performance of a particular measurement according to a given method.
An algorithm or calculation combining one or more base and/or derived measures with associated decision criteria.
An instance of applying a measurement procedure to produce a value for a base
measure.
An ordered set of values, continuous or discrete, (or a set of categories) to
which the attribute is.
The type of method depends on the nature of the operations used to quantify
an attribute. Two types of method may be distinguished: Subjective (quantification involving human judgement) and Objective (quantification based on
numerical rules).
A particular quantity defined and adopted by convention, with which other
quantities of the same kind are compared on order to express their magnitude
relative to that quantity.
A numerical or categorical result assigned to a base measure, derived measure
or indicator.

Chapter 4

Framework - Data Quality Aspects
This chapter contains an overview of all the data quality dimensions mentioned in the literature
that are suited for being made into a generic event data quality metric. The ones not suitable are
mentioned as well, with reasons why these were not selected. Also, in the previous chapter, two
different frameworks have been presented that can be used to describe a single event data quality
dimension. These frameworks are combined into a new framework, presented in this chapter. Also,
each of the dimensions selected from the literature study are going to be placed within this new
framework.
The reason for having this framework is to have a generalized method of describing event data
quality dimensions, and describe them in such a way that they are generic. This way they are
always applicable to any event data set, without any need of domain knowledge or performed
mutations on the event data. With the use of the framework, each event data quality dimension
is described in a structured and consistent manner.

4.1

Selecting the Suitable Data Quality Dimensions

In this section, all the data quality dimensions taken from the literature are discussed. Lots of
these data quality dimensions are suitable for being made into a generic event data quality metric,
but lots of other dimensions are not. These are discussed as well, and why it is not easy or possible
to turn them into generic metrics.
Sub-Section 4.1.1 focuses on the guidelines for logging, and whether they can be related to an
event data quality dimension that can be placed in the framework. Sub-Section 4.1.2 presents an
overview of unsuitable (event data) quality dimensions, which are not selected to be placed in the
framework. Sub-Section 4.1.3 contains a table that summarizes the suitable event data quality
dimensions.

4.1.1

Guidelines For Logging in relation to Data Quality Dimensions

For each of the guidelines that have been mentioned in Section 3.3, we discuss whether they can
be turned into a generic event data quality aspect or not. Since these guidelines only describe
certain ways to improve logging, the related quality dimensions are also mentioned where possible.
This way it can be seen on which quality dimension the guideline has influence.
GL1: Clear semantics for reference and attribute names.
The names of references and attributes need to be checked for every occurring reference or attribute. With these names, there needs to be a check whether the semantics are clear or not. It
is very hard to have a generic way of deciding whether the name of an element is having clear
semantics or not. It depends on the interpretation of the specified name, which is something that
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only the user can evaluate. So that is why this guideline can not be turned into a generic event
data quality check.
This guideline is related to the quality dimension Understandability.
GL2: Structured and managed collection of reference and attribute names.
The only way to make this work is to assume that there are specific patterns in the naming of
reference and attribute names. It is a possibility to use pattern recognition algorithms to detect
specific patterns in the naming of attribute and reference names, but to actually give a quality
judgment to the presence or absence of patterns is quite difficult. Because the naming itself should
also be clear, this guideline is not suitable for being made into a generic event data quality dimension.
This guideline is related to the quality dimensions Coherency, Consistency and Understandability.
GL3: References should be stable.
The fact that references should be stable is of great importance when having data, since the data
could be used all around the world where different time zones or languages are being used. To
have a generic way of defining this quality judgment to the event data is way too complex. It is
outside the scope of this project to take, for example, user location into consideration. That is
why this specific guideline is not being taken into consideration for being placed in the framework
to be made into a generic event data quality check.
This guideline is related to the quality dimensions Intepretability and Representativeness.
GL4: Attribute values should be as precise as possible.
The precision on which attributes are being logged is an aspect that can be turned into a generic
event data quality check. For example, the precision with which the timestamps are being logged.
It can be checked if the milliseconds of an event happening is being logged, or if only the day on
which an event occurs is denoted. For other attributes this could become quite tricky, since it
depends on the attribute and its meaning on how precise an attribute value should be.
This guideline is related to the quality dimension Accuracy.
GL5: Uncertainty should be captured through appropriate qualifiers.
Uncertainty in event data could lead to uncertainty in the results of the analysis that has been
done. These uncertain occurrences should be identified and reported to the user. This could be
done by looking for outliers or other data elements that stick out due to their values or occurrence.
This guideline is related to the quality dimensions Credibility / Believability and Reliability.
GL6: Events should at least be partially ordered.
Ordering of events is something that could be easily checked. Since event data should always carry
timestamp information, the ordering can be checked and even adjusted when necessary.
This guideline is related to the quality dimensions Coherence and Consistency.
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GL7: Store transactional information about the event.
With the XES standard and the fact that the event logs follow the XES format, the user can
specify for the event log if there are different transactional information specifications. This can be
checked by looking at the attributes and if they have specific transactional information tags.
This guideline is related to the quality dimension Completeness.
GL8: Perform regularly automated checks.
This guideline focuses on regular checks on the data, which is not something that is inside of the
scope of this project. The focus here lies on having one specific event log, and checking the quality
of that specific log. Earlier results on a log are not being stored. This guideline is more of a
indication that the user should be aware that the data needs to be kept consistent and correct,
and that this needs to be checked regularly.
The quality checks for completeness and consistency themselves can be turned into a generic
metric.
This guideline is related to the quality dimensions Completeness and Consistency.
GL9: Ensure comparability of event logs.
Consistency over different logs is something that is outside of the scope of this project, since the
focus lies purely on one single event log and its quality. Comparing logs is not something that is
being considered for implementation. An option would be to extend the implementation with an
option like this, with a specific quality metric to it.
This guideline is related to the quality dimension Consistency.
GL10: Do not aggregate events in the event log.
Aggregation of event data is something that can not be easily identified. Some event sequences
could be aggregated into one single event, but to actually identify these cases is quite tricky. It
could be that these ‘new’ events have way more attributes than the other events, or the time
frame of the event is way broader than the average event. But then there is no guarantee that
this occurs due to aggregation. Due to the complex nature of this problem and the specified time
frame for this project, it has been left outside of the scope.
This guideline is related to the quality dimension Completeness, Representativeness and Disaggregation.
GL11: Do not remove events and ensure provenance.
Removed events or attributes are quite difficult to check. Certain data gaps could be identified,
or missing values that are present in the event data, but certainty about the data being removed
can not be assured. It could be the case that the data has never been logged. The user can be
made aware of these issues though. Time gaps between the start of traces or the occurrence of
events, or identifying empty attribute fields.
This guideline is related to the quality dimension Completeness.
GL12: Ensure privacy without losing correlations.
Ensuring privacy is something that is very important. If different people work with data that is
confidential, it is necessary that the private information has been made anonymous. A pattern
recognition algorithm could identify specific patterns like student001, student002 etc, but can not
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validate whether information is private or not. This can only be evaluated by the user, meaning
that setting up a generic quality metric for this guideline requires the judgment of the user.
This guideline is related to the quality dimension Security / Confidentiality.

4.1.2

Unsuitable (Event Data) Quality Dimensions

In the literature study, many different (event) data quality dimensions have been mentioned. Not
all of these quality dimensions fit inside of the scope of this project. These are discussed in this
section. The ones that are selected for this project are going to be present in the final overview
that can be found in Table 4.1.
Institutional / Business Environment
The business environment is a completely different aspect of data. The scope of this project is
purely set on event data, and the quality of the event data. The business environment plays no
role in the assessment of the quality of an event log.
Found in [15].
Linkability
Links between attributes etc. is something that is not really measurable in terms of quality. Many
linked variables does not indicate a high degree of quality. That is why this dimension is not
selected.
Found in [15].
Usability
This project is designed around the assumption that an event log in XES or CSV format is
available, such that the event data can be read by ProM. Hence, the usability of the data in terms
of resources required is not relevant in this case.
Found in [15].
Interpretability / Understandability
These quality dimensions focus on how the user can interpret and understand the data. Since the
focus is to get a generic quality measure for quality dimensions, without any domain knowledge,
the interpretability and understandability of event data is not something that falls within the
boundaries of this project.
Found in [20], [6], [7] and [2].
Reputation
Whether the source or content of the data has a good or bad reputation is not something that can
be concluded out of the data itself. This is something user related, which is not suitable for being
turned into a generic quality assessment.
Found in [6] and [7].
Value-Added
It is not doable to have a generic way to decide whether specific data is valuable or not. This is
something that the user needs to decide, whether the data is really necessary and valuable or not.
Note that relevancy is something else than value-added, which is a quality dimension that will be
placed within the framework to be defined as a generic event data quality metric.
Found in [6] and [7].
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Objectivity
Whether the data is objective or not is something that cannot be generically decided by an
algorithm. That is why this quality dimension is not selected. This could be drawn from analysis
results, but that is not the scope of this project.
Found in [6] and [7].
Reliability
Whether the user can rely on correctness of the data being used is not something that you can
purely extract from one assessment of a dataset. That is why this is not included in the quality
dimensions being used for this project. Dimensions like correctness and believability will be
assessed, which are related to this dimension.
Found in [20] and [6].
Verifiability
Verifying whether the correct data is being used is not suitable for a generic quality assessment.
It is not information that can be extracted from event data itself, more information is needed to
check verifiability. That is why this dimension is not included.
Found in [6].
Data Decay / Periodicity
The rate of negative change to the data is not extractable from a single event log. For this, a
check for the same kind of data needs to be done over a certain period of time with the data being
checked consistently every agreed upon time frame. That is why this dimension is not selected for
being used in this project.
Found in [9] and [2].
Ease of Use / Maintainability / Accessibility
Since the focus lies on the assessment of a single event log, and not all the other tasks related to
extracting the data, accessing the data or maintaining the data, this dimension is not suitable.
Found in [9], [7] and [2].
Disaggregation
The (dis)-aggregation of data can not easily extracted from only making use of the event data.
Some suspicions may arise when receiving insights on the event data, but this can not be turned
into a generic event data quality check.
Found in [20] and [2].

4.1.3

Suitable Event Data Quality Dimensions

A summary of all the selected event data quality dimensions is shown in Table 4.1. This gives an
overview of all the different event data quality dimensions that can be turned into a generic dimension and metric. Also, the occurrence in the literature is mentioned for each quality dimension.
Sometimes, the names of a quality dimension are not exactly the same across different literature,
but they still describe the same quality dimension. This is taken into consideration in Table 4.1.
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Completeness Missing
Data
-

[10]

GL2, GL6,
GL8, GL9

[9]

Accuracy

Validity

Time-related
Factors

-

[15]

-

Pattern Analysis

-

-

-

Uniqueness

Relevancy

Believability

-

Concise Representation
-

Timeliness

-

[6]
Data Coverage
Duplication

Consistency

-

Security

[5]

Timeliness
and Availability
Data
Specifications
Accuracy

-

-

-

Completeness Completeness Completeness

Consistency

-

-

Table 4.1: Data Quality Dimensions overview of all the previous mentioned literature.

Uniqueness

[12]

Completeness -

[7]

-

[2]

[20]

-

DQ Dimension
Completeness
GL7, GL8,
GL10, GL11
Timeliness

Irrelevant
Data

Timeliness

Validity

Timeliness

-

Accuracy

Imprecise
Data
(In)correct
Data
-

-

Accuracy

Consistency

-

Uniqueness /
Duplicates
Timeliness

-

-

-

-

Credibility

-

Validity

Consistent
Representation
Believability

Relevance

-

Concise Representation
Free-of-Error

GL5

Relevancy

Confidentiality -

GL4

Believability /
Credibility
-

Security

Accuracy /
Correctness
Consistency

Relevancy

GL12

Privacy and
Security
Complexity
-

Perception,
Relevance
and Trust
Perception,
Relevance
and Trust
Security and
Privacy
Ease of Use
-

-

-

Security /
Confidentiality
Complexity

Presentation
Quality

Representation

Imprecise
Data

-

Validity

Coherence
-

Coherence
-

Understandability
-

Coherence
GL2, GL6
Representation GL3, GL10
/
Format
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4.2

Defining the Framework

In Section 3.4 of the literature study, two different frameworks have been presented. From these
two frameworks, a new framework needs to be created.
For both of the framework presented, the pros and cons are going to be discussed first. Keep
in mind that the focus lies on event data, meaning that the frameworks are to be judged on being
usable for the defining of event data quality metrics. From the judgment of the two frameworks,
a new framework is derived that combines the strengths of both frameworks.
Firstly, the framework presented in [10] is discussed.
+ The framework gives multiple aspects of the measurement method. It includes the way
of assessing the quality aspect, whether the measurement is an assessment, continuous or
discrete (which is too detailed), the unit of the measurement and the pseudo-code that gives
an overview of how the quality check will actually be executed.
Also, the related dimension is mentioned in this framework. This gives an indication of
dimensions that have overlapping properties, which can be useful information when identifying quality problems. If dimensions are related to each other, it could be that having bad
quality for one dimension could imply that the related dimension is of bad quality as well.
- The framework puts its focus more on the measurement itself than on the result of the
measurement. It is very important to have some sort of judgment indication for the quality
of a dimension. It is important to know what kind of scoring system is used, and the values
the score can take on.
The framework as seen in [6] is discussed next.
+ The focus is being put on the measurement of the quality dimension. It includes aspects like the base measure, derived measure, measurement, measurement method (general
described sequence of operations), measurement procedure (how the measurement is performed) and the unit of measurement together with the result value.
- The definition for the quality dimension itself is missing. The quality dimensions to which
the described dimension is related to is not defined either, which can be valuable information.

From these two frameworks, a new one has been derived. The included elements can be seen
in Table 4.2. The definition of the quality dimension and its measurement is put in here, because
it is important to have an exact definition of the quality dimension measurement. This can avoid
confusion since some quality dimensions have overlapping properties. That is also why the related
dimensions are being placed in the framework, to indicate the relation between dimensions.
As seen in both frameworks from the literature, the measurement method is very important.
It is necessary to know beforehand how you are going to measure the quality aspect. Note that a
quality dimension can have multiple measurements. All of these measurements contribute to the
quality dimension. In Section 5.1, all the implemented quality checks are presented. Some measurements consist of multiple implementation quality checks. These quality checks combined make
up the measurement. Figure 4.1 shows the relation between a quality dimension, its measurement
and the implementation quality checks.
How this measurement is communicated to the outside world is of importance as well. The
scale of the result, the domain of the values this result can take on, and how the result actually
gets its specific score are all things that are included in the framework.
An example situation is provided to have a bit more comprehension of the situation in which
the quality dimension is applicable and relevant. A more detailed explanation of a measurement
is given with the description of the possible implementation approach, such that this can be used
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Figure 4.1: The relation between a quality dimension, its measurement and the implementation
quality checks.
as a first step to implementing the quality dimension in the plug-in that has been created for this
project. For additional remarks, the aspect named ‘extra’ is added to the framework. Important
information that needs to be mentioned but does not fit into any of the other categories can be
put here.
Table 4.2: Data Quality Framework used in this thesis.
Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method

Scale
Domain
Scoring System
Extra

Example
Possible Implementation
Approach

Definition
The name of the data quality dimension
The definition of the data quality aspect according to the literature
Other quality dimensions related to the one being defined.
The measurement method: What exactly are we measuring? For
example: a measure of how many entries of the data is euqal to
the value NULL.
A quantification decision, e.g. Ratio / Score / Percentage etc.
The values the specific scale can take on. For score, an example
would be [1-10].
How does the scoring work for this specific dimension?
Extra information that does not belong in other aspects. Like the
notion that the output is more of a report instead of a quality
judgment.
A made-up example situation where it’s illustrated what is being
measured and what the actual result is.
An informal description of what the possible pseudo-code of the
plug-in does and looks like. Textual description, not into too much
detail.

In the upcoming sections, this framework is used to describe each event data quality dimension separately. This is to make sure there is a detailed description of each event data quality
dimension.

4.3

Placing the Quality Dimensions in the Framework

For each of the quality dimensions that have been selected in Section 4.1, the framework has been
used to give a proper definition of the event data quality metric.
Only one specific measurement method has been considered for each event data quality dimension. This because there exist different algorithms that can achieve the same goal, but eventually
one has to be chosen to be implemented. If all the other possibilities would be discussed as well,
the time spent on research and integrating would outweigh the benefits of having the information
included.
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4.3.1

Completeness

Table 4.3 and Table 4.4 contain the definition and measurement methods for the completeness
quality dimension.
In the literature, completeness is sometimes described as having all the event data that is
necessary for the task at hand. Since the scope for this project focuses purely on the quality of
a single event log, this definition of completeness is not something that can be made generic. To
check whether all the event data is present in the log, it would be needed to have all the existing
event data that conforms to 100% of the event data.
The measurement for missing values is made generic. No domain knowledge is needed for
checking whether a data field is empty or null, so that is why it can be checked on any generic
event log. When the user has noted that their event data contains a lot of missing values and thus
scores low in completeness, the user can undertake actions such that in the data logging stage of
the process, empty fields are not allowed as input.
The transactional information is checked by making use of the XES extension ‘lifecycle’. The
more lifecycle stages are logged, the more complete the event information. Note that it is very
common to only log the completion time of an event. If there are more stages logged, like the
starting time, this is considered as uncommon. That is why the score for this aspect is already a
9 when only the start and completion times are logged, since this is already very complete.
Whether the resources are logged is of great importance. This can be needed for workload
analysis, or when something goes wrong it can show where it went wrong and who was responsible
for this. Although this last reason is not always wanted within an organization, keeping track of
who does what is required for the completeness of the data.
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Table 4.3: Framework - Data Quality Dimension: Completeness (Part I)
Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method

Definition
Completeness
How complete the data is, including as much necessary information as
possible.
Relevancy Dimension.
1. The percentage of entries that equal: ”empty”, ”ntb”, ”null”,
”leeg”, ”NB” or the length of an entry equals 0.
2. Also check for transactional information. The XES standard has an
organization extension, which contains information about whether
only the complete times, or also start times etc. have been logged.
Just read the elements in the organizational extension of the event
log.
3. Another check for completeness is the resource check. For each
event, check if the one that executed the event has been logged as
an attribute as well. This way the resource for that specific event is
present, which is important for responsibility of the specific event
that has been logged.
4. The last check for completeness is the timegap check. Sometimes,
there are huge timegaps in event logs between the start of processes.
When you look at the dotted chart of the event log, you can see
big gaps. If the time between starting a new trace is bigger than 5
times the average, it is considered a time gap. This can be checked
between traces, but also between any ordered pair of events.

Scale
Domain
Scoring System

Score
The score can take on the value [1-10].
Each of the 3 mentioned checks have their own scoring system.
1. For the missing values, for each percentage of missing values a
point is deducted from the highest score, a 10.
2. For the transactional information:
•
•
•
•

No transactional information present: 1.
Only the complete times are logged: 6.
Complete and Start times have been logged: 9.
More than those two timestamps have been logged: 10.

3. For the resource check:
• More or equal than 5% of the events have not got a resource
logged: 2.
• Less than 5% of the events have not got a resource logged: 4.
• Less than 3% of the events have not got a resource logged: 6.
• Less than 1% of the events have not got a resource logged: 8.
• All events have an assigned resource: 10.
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Table 4.4: Framework - Data Quality Dimension: Completeness (Part II)
Extra
Example

Possible Implementation
Approach

The timegaps checks are more a notification than a concrete quality
judgment.
When person X has done a specific task, but in the event data the data
field where the information is stored of who did a certain task is empty.
Also, only the completion time of the task has been logged. And after
two months, the same kind of event has been logged, with nothing logged
in between.
1. For each data field, it is checked whether it equals certain indicators
of empty fields, like ”empty”, ”null” or that the length of the data
field entry equals 0. Count all number of data fields, and also
the number of missing values. Then the percentage of missing
values can be calculated. After this a score is given to the quality
dimension.
2. Transactional Information can be checked with making use of the
lifecycle extension. Simply count the number of lifecycle-stages
that have been logged for events.
3. Resource check can be checked whether ‘org:resource’ has been
logged. For each resource not logged, increase a counter.
4. Timegaps can be checked by first calculating the average time
between the start of traces and between events that follow each
other up. After that, if more than 5 times the average of this
time is between starts of traces or events, and are exceeding 3 days
(since the weekends are usually empty with regards to executing
events), a timegap is identified.
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4.3.2

Uniqueness / Duplicates

Duplicates within attributes is not a bad thing, if the user wants that to be the case. If you log for
every event by which user this task has been executed, it is normal that the same user is present
multiple times for the task execution attribute. This can also give an overview of the workload a
specific resource has. It is good for the user to know though, since they can get an overview of
which of the attributes have many unique values and which attributes do not. This way they can
use their own interpretation.
For this data quality dimension, only unique values for each attribute have been mentioned
so far. This is because it can be seen as the most straight forward way to interpret this quality
dimension. But this can be extended to other levels apart from attributes. When seeing it more
from a process mining perspective, this quality dimension can also be measured by looking for
duplicate traces and events.
It could be the case that a specific trace in the event log occurs more than one time, with the
traces having both the exact same properties. This can be seen as irrelevant data, because it does
not contribute towards any new information in the event data. Note that a duplicate trace means
two, or more, sequences of events with the same attributes.
Not only on a trace level, but also on an event level there can be duplicates. Having the exact
same event logged within the same trace is just redundant. Also, when seeing the exact same
event within different traces, it is really obscure. Because an event belongs to one unique case,
so it would be troublesome to have the same event occurring in multiple traces: then you don’t
know to which case the event really belongs.
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Table 4.5: Framework - Data Quality Dimension: Uniqueness / Duplicates
Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method

Definition
Uniqueness / Duplicates
The number of the values for an attribute that are only occurring
once.
1. For each attribute, it is checked how many unique values
are present for that specific attribute. A counter goes up for
each new encountered value.
2. For each trace, duplicate events need to be identified, since
having duplicates can be unnecessary information.
3. For the whole event log, duplicate events need to be identified, since it is peculiar when two events are executed at
the same time with the exact same meaning and influence,
when belong to two different cases.

Scale
Domain
Scoring System
Extra
Example

Possible Implementation
Approach

Score
[1, 10]
For each percentage of duplicates, a point is deducted. This holds
for both the event log and the trace check.
For Unique Values: This is more of a notification instead of a
concrete quality judgment.
When executing a task, the person that has done this task has
his/her name logged in the event data. That same person can
perform more tasks than only one, and will be present in the
event data multiple times as the one executing a task. So then
that value is not unique anymore.
1. For each attribute, every time a new value is detected, a
counter goes up. Eventually, for that attribute the counter
equals the number of distinct (unique) values. For each attribute, the information on how many unique values there
are will be given as output.
2. A bag-structure that keeps count of the same objects that
are in the bag is being made with all the events per trace.
This way, duplicate events can be identified.
3. A bag is also made for all the events over the entire event
log.
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4.3.3

Timeliness
Table 4.6: Framework - Data Quality Dimension: Timeliness

Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method
Scale
Domain
Scoring System
Extra
Example

Possible Implementation
Approach

Definition
Timeliness
A measure of how current the data is, and in the time frame in
which they are expected.
For the timestamps of the events, it is checked whether they fall
in the timeframe specified by the user.
Boolean
[true, false]
The value true is given if the timeframe is never exceeded. Otherwise the value false is returned.
User input is needed for this quality check. The user specifies the
time frame that the event data should have occurred in.
When extracting event data from the database, events that
happened 10 years ago are placed into the data set during the
extraction. The event data that has been extracted is for analysis purposes, with data for the past 5 years. But some of these
events occurred longer ago than these 5 years, making it violate
the timeliness property.
The user specifies the time frame that the event data should
have. For each event, the timestamp needs to be checked. If
the timestamp falls out of the range of the timeframe, a notification is saved for which event violates the timeliness property and
in which trace this occurs. The output will be either a true or a
false, indicating if all timestamps are within the timeframe, or if
one or more are not.

Note that for this quality dimension, it is needed to involve the user regarding input. When
looking at event data, you can not state whether the timeliness is correct or not. You need this
information to check the property, because you can not wildly guess what kind of timeframe is
common or good. This is considered as domain knowledge, which makes this implementation not
totally generic. But since the input needed from the user is so minimalistic, this dimension has
still been taken into consideration in this project.
Avoiding domain knowledge completely is a possibility, but then you have to set a time frame,
for example data over the last five years, and then assume that any data older than the past five
years is absolutely irrelevant for every company. And that is an assumption that can not be made
that is suited for every generic event log.
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4.3.4

Validity
Table 4.7: Framework - Data Quality Dimension: Validity

Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method

Definition
Validity
Data are valid if it conforms to the syntax (format, type, range)
of its definitions.
Representation / Format Dimension.
For each attribute, check for specific characteristics.
1. For each attribute, check for specific characteristics. For
example when considering format, a date field should always have the same format. Check the validity of all the
data entries considering the XES standards. Since the XES
standards have specific rules, check if these hold for the event
log currently being checked.
2. Also check for types: If all values for a specific attribute are
integers, but one is a string or a double, this is not a valid
data value.

Scale
Domain
Scoring System

Extra
Example

Possible Implementation
Approach

Score
The score can take on the value [1, 10].
For each percentage of invalid entries, take 1 point off of the
highest possible score, a 10.
For the XES standards, reduce points for specific standards not
being followed. Certain standards may reduce the score by 2
points, others by 1 point.
When entering the number of delivered packages in a day into the
system, with the integer type, one enters the string ’ten’. This
value is not valid.
1. For each attribute, the format of each entry can be checked.
For attributes that are timestamps, this should always have
the same format. This should follow the XES standards, as
mentioned in [4].
2. The same goes for the invalid types:If 99% of your data
fields for a specific attributes are integers, a data field with
the type double does not belong there. For each attribute
containing invalid values, the score goes down by 1 point.

The measurement for this event data quality dimension is made generic by incorporating some
checks for the cases where certain values are actually following a specific standard, or a pattern.
If a small number of data fields diverge from the pattern, these values are probably not valid.
Invalid data fields can influence the results of the analysis being done on the event log. It is
a kind of noise that gives unwanted influences to the analysis. That is why it is important for
the user to be notified about possible invalid data attributes, such that the user can take action if
deemed necessary.
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4.3.5

Accuracy / Correctness
Table 4.8: Framework - Data Quality Dimension: Correctness / Accuracy

Term
Data Quality Dimension
Definition

Related Dimension
Measurement Method
Scale
Domain
Scoring System

Definition
Correctness / Accuracy
Data correctly estimates or describes the quantities or characteristics being measured; in other words that the values obtained are
close to the (unknown) true values.
For each timestamp of an event, check whether it has occurred in
the past.
Score
The score can take on the value [2, 4, 6, 8, 10].
The scoring systems is as follows:
• If the percentage of future timestamps is equal to or greater
than 5%, the score is a 2.
• If the percentage is lower than 5%, the score is a 4.
• If the percentage is lower than 3%, the score is a 6.
• If the percentage is lower than 1%, the score is a 8.
• If no future timestamps are detected, the score is a 10.

Extra
Example

Possible Implementation
Approach

Person X has executed a task and wants to log it into the system. He/She fills in date fields with time that are timestamps
representing the future. This way, incorrect data is entered into
the system.
For each data field that has a timestamp property, check whether
it is correct by having a statement that checks whether the
timestamp exceeds the current time.

The measurement for this quality dimension is very difficult to make generic. The only correctness check that came to mind is the check whether events have actually happened in the past.
It could be that a wrong date is logged for an event, and that the timestamp of the event lies in
the future, which is impossible. This because when an event is logged, it has been executed.
Note that it could be the case that when a timestamp exceeds the current time, it is intended.
With for example planning dates, this is very normal. But to make this quality dimension generic,
a decision was made to include and define the measurement like this. The user will always get
feedback on which timestamps exceeds the current time, such that the user can interpret the
results. If he/she sees that correctness scores very low, but he knows this should be the case since
it is being measured like this, than the user can decide to not pay any attention to the faults found
for this quality dimension.

48

Evaluating Quality of Event Data within Event Logs: An Extensible Framework

CHAPTER 4. FRAMEWORK - DATA QUALITY ASPECTS

4.3.6

Consistency
Table 4.9: Framework - Data Quality Dimension: Consistency

Term
Data Quality Dimension
Definition
Related Dimensions
Measurement Method

Scale
Domain
Scoring System

Definition
Consistency
The more consistent the data is, the more absence of difference can be
seen.
Representation / Format Dimension, Coherence Dimension.
For each attribute, all its data fields are checked. The average length of
the values are calculated. Afterwards the standard deviation in length
is calculated such that a threshold can be set. If a value its standard
deviation diverges more than 2 in length from the average, the attribute
is considered inconsistent. Also it is checked if only digits are used, or
only strings, or data the data fields consist of a combination of digits and
strings. The more inconsistency in these values, the lower the score.
Score
The score can take on the value [2, 4, 6, 8, 10].
The scoring system is as follows:
• 2 - Inconsistency in length together with a mix of only string, only
digit and string/digit values.
• 4 - Inconsistency in length together with a mix of two out of three
possible composition possibilities.
• 6 - Consistency in length together with a mix of only string, only
digit and string/digit values.
• 8 - Inconsistency in length together with only one specific composition.
• 8 - Consistency in length together with a mix of two out of three
possible composition possibilities.
• 10 - Consistency in length together with only one specific composition.

Extra
Example

Possible Implementation
Approach

Person X enters the value ’hundred’ into the database, while for that specific attribute only values from [1-10] are logged. This means that an
inconsistency in length is detected, since the length is usually 1 or at most
2 characters long. Also, since the new value is a string while all other
values are digits, it is inconsistent in representation.
For each attribute, all the data fields are checked. Different counters, for
total length, number of strings etc. are being notified for each data field.
If all data fields for an attribute have been analyzed, the average length,
standard deviation and variance are calculated. After these calculations
have been made, the classification of consistent/inconsistent can be made.

The measurement for this event data quality dimension has been made as generic as possible.
Only the length of each data field is considered, together with the composition of each data field,
looking at the types of the data. It is not necessarily bad to have your data field consisting of
multiple data types, but the decision has been made to notify the user of the fact that this is
actually the case.
Interpretation of the user is again necessary here, since for logged attributes the entered values
are intended to be of that value, not following consistency as it is defined within this framework.
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4.3.7

Believability / Credibility
Table 4.10: Framework - Data Quality Dimension: Believability / Credibility

Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method

Scale
Domain
Scoring System
Extra
Example

Possible Implementation
Approach

Definition
Believability / Credibility
Users have confidence and trust in the objectivity of the data.
Relevancy Dimension.
It is not possible to measure the confidence of users from using only the
data presented in event logs. That is why it would be an idea to report
remarkable data values, and let the users own interpretation loose on
these findings.
This is more of a notification instead of a concrete quality judgement.
Person X accidentaly enters a value for costs with three zeros too much
at the end of the number. When Person Y sees this entry, Person Y
doubts if this value is a value that he/she should assume is a true value.
For each attribute, some type of outlier algorithm needs to be applied
to check for remarkable data values. Since these specific algorithms are
not inside of the scope of this project, this will not be further explained.
Each finding will be included in the output for this quality dimension,
with notations of where these values were found (which trace and which
event).

Not every event data quality dimension and its measurement can be made generic or into a
concrete quality judgment. Sometimes it is not possible without the input from the outside world,
or the judgment of a person. To try to make this measurement still viable, only a report will be
given with data values that stick out when comparing them to the rest of the attribute its values.
This can indicate some believability issues in the data if it is correct or not.
The user its own interpretation is asked here to judge whether the evaluation of the event data
quality dimension is good or bad for having in the event log. The user can take action to change
the event log if it is ought necessary.
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4.3.8

Relevancy
Table 4.11: Framework - Data Quality Dimension: relevancy

Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method

Scale
Domain
Scoring System
Extra
Example

Possible Implementation
Approach

Definition
Relevancy
The importance of the data.
Completeness Dimension, Believability / Credibility Dimension
Check whether specific events have attributes that almost never occur.
If in less than 5% of the events this attribute is present, flag this as
irrelevant data. With such low amount of data, the attribute has no
importance for the upcoming process mining task.
Score
[1, 10]
For every irrelevant attribute, deduct one point of the maximum score,
which is 10.
Person X has logged that the customer he just got an order from, also is
married to Person Z. Normally, these properties are not even logged in
the database, making this an exception. This is taken into the event data
log that is being extracted, making the attribute for this event totally
irrelevant.
Check for each event which attributes they have, and then for every
event that implies the same action, check if these attributes match. If
some attributes are only present in 5% of the event set, than flag it as
irrelevant.

It could be the case that the user has logged important information is still seen as irrelevant
information. This because the event data that is being used is going to be used for process mining
purposes. For this, the data needs to be complete as possible for every attribute that is being
mentioned. If an attribute is only mentioned, for example, 3 times out of 3000 entries of that
specific event, than those 3 mentions of the attribute are not saying anything important about
that event.
Again, the interpretation of the user is of importance here. If the user decides that he really
needs that specific attribute in the event data set, than that is fine. The measurement is just an
indication of what could be irrelevant data in this specific event log, and making the user aware
of this indication.
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4.3.9

Security / Confidentiality
Table 4.12: Framework - Data Quality Dimension: Security / Confidentiality

Term
Data Quality Dimension
Definition
Related Dimension
Measurement Method

Scale
Domain
Scoring System

Extra
Example

Possible Implementation
Approach

Definition
Security / Confidentiality
Measure of the ability to protect the data and information assets.
For attributes that consider names, for example employee names or company names, check if they are anonimized. This can be done with pattern
mining, for example user000, user001, user002 etc. A boolean value will
be the output.
Boolean
[true, false]
Some sort of report will be presented with for each attribute that is
concerned with resources having the result of true or false, depending on
the anonimization.
When extracting the event data, Person X decides to anonimize the data
first such that the security regarding confidentiality is being held high.
Person X makes use of patterns like user000, user001, etc.
For each attribute that revolves around an organizational extension
(XES), check whether the data is anonimized by making use of some
sort of pattern recognition algorithm. These types of algorithms are not
in the scope of this project, but are usable to detect these anonimization
patterns.

This quality dimension its measurement is not that easy to check, since making this generic can
be quite the challenge. It is not easy to decide which attributes are actually names of companies
or employees for example. The organizational extension in XES helps with this, making it easier
to find certain structure and identifying resources within event logs.
Another way of dealing with this problem is having the user select all the attributes that
concerns confidential information, such that it is known which attributes need to be checked for
their security and confidentiality. Note that this involves user input. This makes the quality
dimension less generic, but more reliable. The decision to keep it generic has been made, to keep
the measurements and their implementation as generic as possible.
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4.3.10

Complexity

The more presence of different traces, sub-traces and the lack of structuredness, the higher the
complexity. Complexity does not need to be a bad thing, when it comes to process-oriented analysis. This dimension is described in the literature on a data-oriented level, but since that is not
possible to make generic, this was changed to a process-oriented level. The ways of measuring this
event data quality dimension is based on what has been found in [23].
Structuredness and complexity are one of the most difficult to implement measurements for
this quality dimension, since detecting structure within data is a resource intensive task. For this
measurement to be made generic, it has been described on a process-level, meaning that it takes
a look at the event order within traces, and not at individual data fields.
The structure and complexity within the processes is reported, without giving any judgment
to it. It is not possible to make a generic ordeal on the fact if certain structure is always good
or always bad. Sometimes, an event log without any sub-traces that occur in every trace can be
part of a qualitatively good event log, but also an event log that contains lots of sub-traces that
occur in every trace can be a qualitatively good event log. That is why the interpretation of the
user is of importance here. That is why only a report is generated where the user is informed of
the structuredness and complexity of the process as taken from the event log.
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Table 4.13: Framework - Data Quality Dimension: Structuredness / Complexity
Term
Data Quality Dimension
Definition

Related Dimension
Measurement Method

Definition
Complexity
The extent of structure on a process level, instead of data level. Process tasks that are often performed after each other, providing a certain
structure that can be seen in every process trace.
For the event log, the following aspects are measured:
1.
2.
3.
4.
5.
6.
7.
8.

Scale
Domain
Scoring System
Extra
Example

Possible Implementation
Approach
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Total number of traces in the log.
Number of unique traces in the log.
Frequency for each trace that occurs more than once.
Average number of events per trace.
Set of start-activities.
Set of end-activities.
Self-Loops.
Sub-traces patterns that occur in 80% of the cases.

This is more of a notification instead of a concrete quality judgment.
When logging events, it often occurs that certain events follow a specific
order. That every time a new case goes through the same event steps,
this is always executed in the same order because something has to be
done first to go on to the next step in the process. This is a certain
structure within your processes that you want to detect.
1. First, a bag needs to be made which contains every trace (only the
events and their order). For the total number of traces, it is just
easy to count them with a .size() method in Java, made possible
by the OpenXES library.
2. Having put every trace in a HashBag, and getting the unique set
of this bag gives an overview of all the unique traces in the log.
3. With this bag, you can also get information on how many times a
specific trace occurs.
4. For each trace, count the number of events that are making up
that trace. This way an average can be calculated.
5. Since the traces are ordered, you can add their first activity to the
set of start-activities.
6. You can also add their last activity to the set of end-activities.
7. A self-loop can be of size 1 (same event occurs one after another),
or of a bigger size (the event occurs, and x number of events later it
occurs again). This can be checked for each trace and each event.
The number of self-loops per trace and the size of these self-loops
need to be reported afterwards.
8. For sub-traces that occur in 80% of the cases, each sub-trace in
every trace needs to be checked. Each sub-trace can be checked if
it is present in other traces, and can be reported if they are present
in more than 80% of the cases.
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4.3.11

Coherence
Table 4.14: Framework - Data Quality Dimension: Coherence

Term
Data Quality Dimension
Definition
Related Dimensions
Measurement Method

Scale
Domain
Scoring System
Extra
Example

Possible Implementation
Approach

Definition
Coherence
The logical interconnection between data.
Consistency Dimension, Representation / Format Dimension
Check for logical interconnection between attributes. Attributes may
be interconnected with each other, for example being consistent in
representation. So it could be checked if attributes are defined in
the same consistent way, with the same representation / format.
Also, if some attributes always are present in specific situations, for
example for a certain set of events that always have the same set of
attributes. This way there can be coherency between certain events.
One step further would be coherency between attributes and having
decision rules set up. This is more of an analysis based approach, which
falls outside of the scope of this project. This would focus more on the
real coherency between attributes though.
This is more of a notification instead of a concrete quality judgment.
For each event, Person X has logged the timestamp. But also for the date
on which the product was ordered or returned by the customer, a logentry was made by Person X in the exact same manner and format. This
always holds for events that involve the order or a return of a product,
meaning that they have a coherency in both having multiple timestamp
attributes that are consistent in representation.
Different attributes can be compared to each other with having specific
formats or representations, and can be grouped together this way by
being put in a list.
Subsets of attributes can be checked for occurring often in certain subsets of events or sub-traces, trying to identify patterns and coherency
in the event data set. For this method, bags can be used for the implementation. The output is a report where all these coherency relations
are mentioned.

Coherency is one of these quality dimensions where the measurement is difficult to make
generic, and also hard to not get into analysis details too much. It would be a great idea to come
up with decision rules to actually quantify the coherency in the event data, but that is a whole
other branch of process mining and completely outside of this scope. A line needs ot be drawn in
what can be inside of the scope, and decision rule mining just falls out of it.
The quality check for coherency can take up a lot of processing time, since it needs to check
all the subsets of attributes and compare the data values of these attributes with each other, and
also in different events and traces. The implementation for this dimension is very complex, having
lots of different ways to check for coherency in the data set. Algorithms like pattern matching and
clustering are useful when trying to discover coherency within the event data.
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4.3.12

Representation / Format
Table 4.15: Framework - Data Quality Dimension: Representation / Format

Term
Data Quality Dimension
Definition
Related Dimensions
Related Dimensions
Measurement Method

Scale
Domain
Scoring System
Scoring System

Definition
Representation / Format
The extent to which data is compactly represented and presented in the
same format.
Consistency Dimension, Coherence Dimension.
Validity Dimension, Consistency Dimension.
The format for timestamps is being checked by looking at the time representation for each timestamp attribute. The more precise the timestamp
is logged, the higher te score.
Score
The score can take on the value [1, 3, 5, 6, 7, 8, 9, 10].
The scoring systems works as follows:
•
•
•
•
•
•
•
•

Extra
Example

Possible Implementation
Approach

If
If
If
If
If
If
If
If

the timestamp is empty, the score is 1.
only up to the year is logged, the score of a 3 is given.
up to the month has been logged, the dimension scores a 5.
also the days have been logged, a score of 6 is given.
the hours are included a 7 is scored.
minutes are included as well, the score is an 8.
the timestamp is logged up to seconds, a 9 is given.
the timestamp is logged up to milliseconds, it scores a 10.

The consistency quality dimension is very related to this quality dimension, hence only timestamp format is discussed here.
Person X decides to extract event data for a log, and makes the choice
to only have the timestamps represented up till the day of that date.
This is not a optimal precise representation of the time, making it score
lower than it could have been.
For each attribute, the timestamps are being checked. XES has a consistent format for a timestamp: ”yyyy-mm-ddThh:mm:ss.MsMsMs+0x:00”
If a value is not entered, only zero’s appear in that spot. So that is how
it can be checked which values are logged for that specific data field.
The output contains every attribute that has a timeformat representation and the score of that attribute. The total score for this quality
check equals the average of all the attribute scores.

A format measurement that has been made generic is the timestamp format check. This can
be done because in the XES format, a timestamp is always represented the same way. It can even
be checked what values (seconds, hours, etc) have been included or not, making it perfect to be
made into a generic quality check.
Being more precise in your timestamps is of importance for the order of events. If 5 events
happen on the same day within your event log, but no hours or whatsoever have been logged,
you do not know in which order the events have occurred. And your mining algorithms and other
process mining related tasks cannot make a distinction in event ordering either. This makes it
difficult for these analysis tasks, performed on your data, to make sure that they provide reliable
output. That is why it is advised to always have a concise as possible representation of your
data.
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ProM Implementation
In the previous chapter, different event data quality dimensions have been mentioned and placed
within the framework to describe each measurement for the dimension. In this chapter, the
implementation for these quality dimensions is presented. A part of this project revolves around
implementing a plug-in for ProM, by making use of the coding language Java.
In Section 5.1, all the implemented quality checks regarding the event data quality dimensions
are mentioned. The unimplemented quality checks are presented in Section 5.2. To give some
introduction into the specific library used for this implementation, OpenXES, Section 5.3 contains
basic information and operators regarding the implementation of event log plug-ins. Section 5.4
gives an overview of the structure of the plug-in. For the visual aspect of the plug-in, Section
5.5 contains information about the graphical user interface (GUI). This chapter concludes with a
quick guide on how to install the plug-in package and how to use it, presented in Section 5.6.

5.1

Event Data Quality Dimensions

During the execution of this project, many event data quality dimensions were considered to be
implemented. In the end, not all of the found quality dimensions from the literature study were
implemented. This had multiple reasons, with the main reason being the time frame. Since this
project was executed over a time-frame of six months, the time-frame for the implementation part
was very strict.
Eventually, the quality of the plug-in itself had priority. Every aspect that has been implemented had to work correctly, and the plug-in itself should not contain any flaws. It has been decided
to rather have a well working plug-in without any bugs that has some less quality checks than a
flawed plug-in that has more quality checks implemented.
In this section, all of the event data quality checks that have been implemented are mentioned.
The quality checks that have not been implemented are mentioned in Section 5.2. All the checks
that have been implemented are mentioned specifically, with their respective quality dimension
they are related to. Sometimes, only a part of that dimension is actually implemented, while their
definition allows for more to be checked. These dimension checks could be broadened if more time
would be available for the project.
For each of these quality checks that have not been implemented, a justification is given why
it is not included in the final result of the project. This is done in Section 5.2.
An overview of all the quality checks is given in Figure 5.1.
Each of the quality dimensions is mentioned here, with their related measurements as defined
in the framework. All of these measurements are turned into implementation quality checks,
meaning that these are the checks that actually are going to be implemented and checking the
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quality of specific measurements. Some measurements can consist of multiple checks, as explained
in Section 4.2.
When a quality dimension is colored green, this means that the quality dimension has fully
been implemented in the plug-in as it has been defined with the framework. The color yellow
means that the quality dimension has partially been implemented, and red means that none of
the elements have been implemented in the plug-in.
All of the checks that have been implemented have been, sometimes partially (as mentioned
before), implemented according to their definition in the framework that is presented in the previous chapter. Some quality checks are not giving a score as output, but a report of the findings
considering that dimension. This because it is possible to make a generic judgment on that quality
check based on the current information and implementation.
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Figure 5.1: Overview of the selected quality dimensions, their measurements and the implementation quality checks.
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5.2

Non-Implemented Quality Checks

This section provides all the event data quality checks that have not been implemented in the
ProM plug-in.

5.2.1

Outliers Check

Outliers are a very tricky concept, especially when trying to come up with generic algorithms for
identifying them. You have to consider different kinds of data types: integers, strings, etc.
Also, domain knowledge is required to actually determine whether specific values are real
outliers or not. Sometimes, values that stand out and are seen as possible outliers, are intended
to be present in the dataset and are correct values. That is why domain knowledge plays an
important role in the evaluation of possible outliers.
Since event data can have a very wide range of data types, different algorithms have to be
applied to detect outliers. Due to the XES specification, each attribute is assigned a data type
already. This makes it such that the specification of data types does not have to be implemented
anymore, since the XES format covers this.
Many algorithms exist for detecting outliers, and it can be very time consuming to even study
these algorithms. Eventually this check is deemed to be too complex, but is still considered as an
extension when more time would be available.

5.2.2

Anonimization Check

As mentioned in Chapter 4, anonimization requires specific pattern matching algorithms to detect
patterns in the event data set. This procedure can be very complex, especially regarding the fact
that it needs to be applicable to every generic event data set.
Due to the complexity of pattern matching algorithms, it has been decided to not give high
priority to this quality check.

5.2.3

Data Coherency Check

Finding different patterns across attributes and attributes that are related to each other in some
specified way is very complex. Different approaches could be taken for this quality check, like
clustering attributes, or finding patterns between attributes.
Also, discovering rule sets within the event data may be very complex but also outside of this
scope. Since we want the checks to be as data driven as possible, without having any process
mining tasks involved that need to be unleashed on the event data.
This check has been left unimplemented due to its complexity. Getting this to work completely,
and to be of added value, requires spending a lot of time and effort, which was not realizable in
the time-frame when considering all the other aspects of this project.

5.2.4

Timeliness Check

At the moment, the plug-in does not take any user input apart from the event data itself. For
the timeliness check, it is desired to have a specific timeframe that is entered by the user. This
is because for every organization and every event data log, it is not generic to when data is still
up-to-date for analysis. For one organization it could be that only data for the past 3 months is
relevant, but for another organization the data of the past 5 years is very valuable.
That is why the desired time-frame should be user generated, after which a check is started on
the event data to check whether the data conforms the wishes of the user. This check itself is not
all that complex, apart from the interaction with the user that it requires. This does not conform
the real definition of generic though, making the priority for this check not that high.
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5.2.5

Sub-Traces Detection Check

The quality check for sub-traces is a very time-consuming task for the plug-in. It actually needs
to check every sub-trace in each trace, and compare these sub-traces to every (sub-)trace in the
log to detect where all of these sub-traces actually occur. It can be really important information
for the user, but it would greatly increase the running time of the plug-in. Also, it would be very
time consuming to implement this check in a well working, efficient as possible manner.
That is why the priority for this quality check is not that high in comparison to other unimplemented checks and the ones that were actually implemented.

5.3

OpenXES Library

OpenXES is a reference implementation of the XES Standard for storing and managing event log
data. Application domains of the XES standard, and the OpenXES library, are numerous. They
include, but are not limited to monitoring of process-aware information systems, process mining
and general process analysis, and data mining.
The OpenXES library is a reference implementation of a standard in Java, which strives for
strict XES compatibility, ease of development, and the best possible performance. OpenXES is released as open source / free software, under the terms of the GNU Lesser GPL (LGPL) license. [24]
The following sub-sections give information about the model type hierarchy and the standard
extensions. These are already mentioned in Section 2.4, but in these sub-sections they focus
specifically on the implementation side of the XES standard. The notation used is the same as in
the implementation of the plug-in itself.

5.3.1

Model Type Hierarchy

The actual model type hierarchy elements of the XES standard are also defined by interfaces
which can be found in the package org.deckfour.xes.model. They are based on standard Collection
interfaces.
XElement The XElement interface is extended by all elements of the XES model type hierarchy in OpenXES. It defines that every element needs to have a XID.
XLog The XLog interface extends the XElement interface. Also, it extends the generic
Set<XTrace> interface for accessing and modifying the set of contained trace elements.
XTrace The XTrace interface extends the XElement interface. Also, it extends the generic
List<XEvent> interface for accessing and modifying the ordered list of contained log elements.
XEvent The XEvent interface extends the XElement interface.
IDs are an integral part of the XES standard, since they are mandatory attributes for every
element of the model type hierarchy. In OpenXES, the ID management is implemented according
to the XES standard, and is represented in the package org.deckfour.xes.id.
• The XID class encapsulates the IDs ingredients transparently, and provides tools for reading
them from their string representation and data streams.
• The XIDFactory class provides means for generating unique IDs, basing them on the systems
current state. Factory methods provided by this class are the recommended way to create
XID instances.
Every element of the XES model type hierarchy can be equipped with attributes, even attributes themselves. Thus, attribute management takes an important role also in the OpenXES implementation. The important interfaces for this task are situated in the package org.deckfour.xes.model,
while several implementations may exist.
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XAttribute: The XAttribute interface defines the basic skeleton for attributes in OpenXES,
including access to the attributes key and extension (if available). The type of an attribute, as
well as access to the value of an attribute, is provided by the strongly typed sub-interfaces of
XAttribute as follows.
•
•
•
•
•
•
•
•
•
•

XAttributeLiteral
XAttributeBoolean
XAttributeContinuous
XAttributeDiscrete
XAttributeTimestamp
XAttributeDuration
XAttributeID
XAttributeCollection
XAttributeList
XAttributeContainer

XAttributeMap: The XAttributeMap interface defines a container for attributes. It is not
desirable to attach attributes directly to their respective model type hierarchy elements, both for
reasons of clarity and for implementation efficiency. Every object that can take attributes stores
and manages these within an instance of this interface.
XAttributable: The XAttributable interface defines capabilities of model type hierarchy
elements, which can be equipped with attributes.

5.3.2

Extensions

OpenXES provides convenient implementations for the standard extensions defined for XES. These
implementations are realized as singleton classes, and can be found in the package org.deckfour.xes.extension.std.
Standard extension implementations provide methods for accessing and modifying attributes
defined by the respective extension in a convenient, strongly-typed manner. Currently, the following set of standard extensions is implemented in OpenXES. All of these extensions have been
explained in Section 2.4.
•
•
•
•
•
•
•

XConceptExtension
XIdentityExtension
XLifecycleExtension
XOrganizationalExtension
XSemanticExtension
XTimeExtension
XCostExtension

5.4

Structure of the plug-in

Structure within an implementation of a plug-in like this is very important. With structure, the
overview becomes clear for the one writing the code itself, but also for others who are trying to
understand the code. The applied structure is discussed in this section.
Note that the Java Code Conventions [26] have been followed for the implementation of the
plug-in.

5.4.1

Sub-Division of Classes

The plug-in is structured with the use of different packages. Each package contains different
package-related classes. The following list gives an overview of these packages and their classes:
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• Plugins: The package that contains the main frame for the plug-in, the calculation of the
overall score and the central registry. The central registry keeps track of all the lists that
are being created while the plug-in goes through all the traces, events and their attributes.
• Constructors: A package that contains the classes that have new objects defined that
are needed for the plug-in. These classes contain constructor methods and get methods for
specific objects. There is a class for an output object that is necessary for each quality check,
and a class for an overall overview of the output for the plug-in (containing the event log
name, the overall score and individual quality check outputs).
• Data Quality Aspects: This package contains each individual quality check, with the
naming of the class indicating what quality is being checked in that class. Examples for
these class names are consistency, correctness and unique values.
• Interfaces: This package contains all the interfaces that have been created for this plugin. The interface being used is the Quality Check interface. This defines, for every data
quality aspect class, the methods that are common amongst them. More information on this
interface is given in Sub-Section 5.4.2.
• List Creators: These are the classes that keep track of filling specific lists that are required
for specific quality checks. Some quality checks require a list with specific information instead
of only one specific attribute value, hence the need for the creation, and filling, of different
lists.
• Visualizer: This package contains the visualizer for the plug-in.

5.4.2

Plug-in Structure: Interface

While working on the implementation, it became clear that due to having big sized event logs,
efficiency would be one of the issues that needed to be tackled. For efficiency reasons, it is not
preferred to go through the whole event log multiple times. Actually, you only want to go through
the event log one time.
Some difficulties arose while working on the implementation. Sometimes it is necessary to
check information on a trace level, or on the event level, or on an attribute level. Also, both traces
and events have attributes attached to them, making it somewhat more difficult to keep a clear
distinction between these.
The following structure has been applied. A <interface> class has been created, which is a
class whose properties every event data quality dimension check inherits. This class consists of
the following methods:
•
•
•
•
•
•
•
•

initialize();
checkQuality(XLog eventlog);
checkQuality(XLog eventlog, XTrace trace);
checkQuality(XLog eventlog, XTrace trace, XAttribute att);
checkQuality(XLog eventlog, XTrace trace, XEvent event);
checkQuality(Xlog eventlog, XTrace trace, XEvent event, XAttribute att);
checkClear(CentralRegistryInterface list);
getResult();

Note that the terms XLog, XTrace, XEvent and XAttribute are notations in Java provided by
the library OpenXES, that has been used for creating the plug-in.
This way, on each level (log, trace, trace-attribute, event, event-attribute) the quality can be
checked. If a quality dimension does not make use of for example trace-attributes, that method can
be kept empty. This way, we only need to go through the event log only once in an efficient manner.
Every event data quality dimension check is being placed in a list. Every time a method for
the quality check is called upon, we do this for every quality dimension present in the list. This is
done by looping through the list of quality dimension and calling on the specified method. Note
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that when looping through all traces, for each trace you loop through the trace-attributes, the
events and their attributes before moving to the next trace. The following steps are taken when
going through the event log:
1. Start at the top of the event log with an XES format event log as input.
2. Call upon the method checkQuality(XLog eventlog) for every quality check.
3. Fill specific lists with log information if necessary.
4. Loop through all the traces.
5. Call upon the method checkQuality(XLog eventlog, Xtrace, trace) for every quality check.
6. Fill specific lists with trace information if necessary.
7. Loop through all the attributes of the current trace.
8. Call upon the method checkQuality(Xlog eventlog, Xtrace trace, XAttribute att) for every
quality check.
9. Fill specific lists with attributes of trace information if necessary.
10. Loop through all the events of the current trace.
11. Call upon the method checkQuality(Xlog eventlog, Xtrace trace, XEvent event) for every
quality check.
12. Fill specific lists with event information if necessary.
13. Loop through all the attributes of the current event.
14. Call upon the method checkQuality(Xlog eventlog, Xtrace trace, XEvent event, XAttribute
att) for every quality check.
15. Fill specific lists with attributes of event information if necessary.
16. When having looped through every trace, call upon the method
checkClear(CentralRegistryInterface list) for every quality check. This makes sure that the
quality dimensions that require a specific list as input to do their checks as well. This is
done in the end because then all the needed lists have been filled during going through the
event log.
17. Calculate the overall score.
18. Create the output for the plug-in and place in the GUI.
This list of steps is visually shown in Figure 5.2. To have an overview in pseudo-code, you
should check the code presented below. Working this way, we only go through the event log once.
This is the solution that has been made to improve the efficiency of the plug-in, due to not wanting
the running time to be too long.
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Figure 5.2: Visualization of the structure of the plug-in.
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public c l a s s DataQualityPlugin {
p u b l i c O u t p u t D e f i n i t i o n r u n D e f a u l t ( P l u g i n C o n t e x t c o n t e x t , XLog e v e n t l o g ) {
/∗
∗ Shows a p r o g r e s s bar .
∗/
c o n t e x t . g e t P r o g r e s s ( ) . setMinimum ( 0 ) ;
c o n t e x t . g e t P r o g r e s s ( ) . setMaximum ( e v e n t l o g . s i z e ( ) ) ;
context . getProgress () . isCancelled () ;
/∗
∗ C r e a t e a l i s t where t h e d i f f e r e n t q u a l i t y a s p e c t s a r e b e i n g s t o r e d
∗ in .
∗/
L i s t <QualityCheck> q u a l i t y A s p e c t s = new A r r a y L i s t <QualityCheck >() ;
/∗
∗ I n i t i a l i z e a l l t h e Data Q u a l i t y Checks by c r e a t i n g o b j e c t s r e f e r r i n g
∗ to the c o r r e c t c l a s s e s .
∗/
StandardsXES xesCheck = new StandardsXES ( ) ;
...
/∗
∗ Add a l l t h e q u a l i t y c h e c k s t o t h e l i s t
∗/
q u a l i t y A s p e c t s . add ( xesCheck ) ;
...

of Quality Aspects .

f o r ( QualityCheck e l e m e n t : q u a l i t y A s p e c t s ) {
element . i n i t i a l i z e ( ) ;
}
C e n t r a l R e g i s t r y I n t e r f a c e c e n t r a l = new C e n t r a l R e g i s t r y I n t e r f a c e ( ) ;
central . i n i t i a l i z e () ;
central . f i l l ( eventlog ) ;
f o r ( QualityCheck e l e m e n t : q u a l i t y A s p e c t s ) {
element . checkQuality ( eventlog ) ;
}
/∗
∗ Loop t h r o u g h a l l t h e t r a c e s .
∗/
f o r ( i n t i = 0 ; i < e v e n t l o g . s i z e ( ) ; i ++) {
XTrace c u r r e n t T r a c e = e v e n t l o g . g e t ( i ) ;
ce ntra l . f i l l ( eventlog , currentTrace ) ;
f o r ( QualityCheck e l e m e n t : q u a l i t y A s p e c t s ) {
element . checkQuality ( eventlog , currentTrace ) ;
}
/∗
∗ Loop t h r o u g h a l l t h e Trace−A t t r i b u t e s .
∗/
XAttributeMap a t t r i b u t e M a p T r a c e = c u r r e n t T r a c e . g e t A t t r i b u t e s ( ) ;
Set<S t r i n g > attTraceMapKeys = a t t r i b u t e M a p T r a c e . k e y S e t ( ) ;
f o r ( S t r i n g attKey : attTraceMapKeys ) {
X A t t r i b u t e a t t = a t t r i b u t e M a p T r a c e . g e t ( attKey ) ;
c e n t r a l . f i l l ( eventlog , currentTrace , att ) ;
f o r ( QualityCheck e l e m e n t : q u a l i t y A s p e c t s ) {
element . checkQuality ( eventlog , currentTrace , att ) ;
}
}
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/∗
∗ Loop t h r o u g h a l l Events .
∗/
f o r ( i n t j = 0 ; j < c u r r e n t T r a c e . s i z e ( ) ; j ++) {
XEvent c u r r e n t E v e n t = c u r r e n t T r a c e . g e t ( j ) ;
c e n t r a l . f i l l ( eventlog , currentTrace , currentEvent ) ;
f o r ( QualityCheck e l e m e n t : q u a l i t y A s p e c t s ) {
element . checkQuality ( eventlog , currentTrace , currentEvent ) ;
}
/∗
∗ Loop t h r o u g h a l l Event−A t t r i b u t e v a l u e s .
∗/
XAttributeMap a t t r i b u t e M a p E v e n t = c u r r e n t E v e n t . g e t A t t r i b u t e s ( ) ;
Set<S t r i n g > attEventMapKeys = a t t r i b u t e M a p E v e n t . k e y S e t ( ) ;
/∗
∗ Loop t h r o u g h a l l a t t r i b u t e v a l u e s . ( C e l l −V a l u e s )
∗/
f o r ( S t r i n g attKey : attEventMapKeys ) {
X A t t r i b u t e a t t = a t t r i b u t e M a p E v e n t . g e t ( attKey ) ;
c e n t r a l . f i l l ( eventlog , currentTrace , currentEvent , att ) ;
f o r ( QualityCheck e l e m e n t : q u a l i t y A s p e c t s ) {
element . checkQuality ( eventlog , currentTrace , currentEvent , att ) ;
}
}
}
// I n c r e a s e t h e P r o g r e s s Bar .
context . getProgress () . inc () ;
}
/∗
∗ C r e a t e a l i s t where a l l t h e s c o r e s a r e b e i n g k e p t i n . This i s needed
∗ f o r the c a l c u l a t i o n of the o v e r a l l s c o r e .
∗/
L i s t <S t r i n g > s c o r e L i s t = new A r r a y L i s t <S t r i n g >() ;
/∗
∗ C r e a t e a l i s t where a l l t h e o ut pu t i s b e i n g s t o r e d i n .
∗/
L i s t <Output> o u t p u t L i s t = new A r r a y L i s t <Output >() ;
f o r ( QualityCheck e l e m e n t : q u a l i t y A s p e c t s ) {
element . checkClear ( c e n t r a l ) ;
o u t p u t L i s t . add ( e l e m e n t . g e t R e s u l t ( ) ) ;
/∗
∗ Avoid c a l l i n g on . g e t R e s u l t ( ) t w i c e , s i n c e i t can i n f l u e n c e t h e
∗ c a l c u l a t i o n of the s c o r e s .
∗/
s c o r e L i s t . add ( o u t p u t L i s t . g e t ( o u t p u t L i s t . s i z e ( ) − 1 ) . g e t S c o r e ( ) ) ;
}
S c o r e C a l c u l a t o r t S c o r e = new S c o r e C a l c u l a t o r ( ) ;
String outputScore = tScore . getTotalScore ( s c o r e L i s t ) ;
S t r i n g eventlogName = ” ” + e v e n t l o g . g e t A t t r i b u t e s ( ) . g e t ( ” c o n c e p t : name” ) ;
O u t p u t D e f i n i t i o n o ut pu t = new O u t p u t D e f i n i t i o n ( eventlogName , o u t p u t L i s t ,
outputScore ) ;
r e t u r n ou tp ut ;
}
}
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5.4.3

Output

Each quality dimension needs some form of output that can be read by the visualizer. To make
sure every quality dimension has the same form of output, an <interface> has been made to define
a structured output. This interface has the following attributes:
• Name: The name of the quality check.
• Score: The score that the quality check returns.
• Explanation: An explanation on how the scoring system for the quality check works.
• Advice: The advice regarding the quality check. The advice is adapted according to the
score for the specific element.
• Faults: The reason that the score is a specific value, indicating where points were deducted
or just some general notable remarks.
This way, it is easier in the visualizer to extract specific information for each quality check
when it is necessary.

5.4.4

Overall Score

By calling on the method “getTotalScore(scoreList)”, the overall quality score for the event log is
being calculated. All of the data quality dimensions are scored individually (if a score is attached
to them). The way an overall score is given to the quality of the event log, is by taking the average
of all the data quality checks that have a score assigned to them. The weight of every available
quality check is the same.

5.5

Graphical User Interface (GUI)

For the GUI, it is needed to have a specific Java implementation since ProM only accepts this
format. A visiualizer needs to be created that returns a JComponent, an object in Java. In this
component, the graphical user interface is defined.
It is desirable to have a clear overview when looking at the output of the plug-in. The user
needs to be able to see the main results in a fast and easy manner. How the GUI looks, can be
seen in Figure 5.3 and in Figure 5.4, which are based on an event dataset that is also used for the
experiments and results, as seen in Chapter 6. Note that the GUI, when using the plug-in, appears
in one frame, meaning that the left-side and right-side are next to each other in one frame.
The user can see an overview of the name of the log that is being checked, an overall quality
score and all the individual scores on the left-side of the frame. Also, if the user presses on the
‘Overall Advice’ button, all the advices from the quality checks are shown in the right frame.
For each quality check that has a concrete score value, a colored bar is added. The color green
means that the score is an 8 or higher. Orange means that the score is a 6 or higher, up till an 8.
If the bar color is red, the score is lower than 6. The length of the colored bar reflects the high of
the score. The higher the score, the longer the colored bar.
For every event data quality check, a button with the name ‘Details’ has been created. If the
user presses this button, the right-side of the screen shows all the details of this quality check.
These details include the name of the quality check, the score it has been given, how the quality
check is scored, advice when necessary and extra details on the findings for that specific quality
check.
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Figure 5.3: A overview of the left-side of the GUI.

Figure 5.4: A overview of the right-side of the GUI.
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5.6

Installation and Usage Guide

This section contains information on how to install the event data quality plug-in package for
ProM, and how to use it.
To start off, it is necessary to download the ProM nightly build. This can be done from
http://www.promtools.org/prom6/nightly/. This way, the latest version of the plug-in is being
included and available for download.
In the package manager of ProM, the plug-in can be found by searching for the name “Event
Log Quality Check ”. Install the package and after this has finished the plug-in should be ready to
be used in ProM.
Using the plug-in requires an event log in the XES format. It is common for event logs to be
in CSV format, but ProM provides a plug-in to actually concert a CSV to XES. This plug-in is
named ‘Convert CSV to XES ’. Another way is to extract event log data from a non-event log data
source, by using XESame. For more details about this approach, please consult [1].
After having imported the event log (XES format) in ProM, the plug-in can be run. This can
be done by searching through the list of all the plug-ins that are present in your ProM plug-in list,
or by using the search-field of the plug-in. The search field method can be seen in Figure 5.5.

Figure 5.5: Selecting the correct plug-in, as seen in ProM 6.5.1.
After pressing play, the plug-in is processing the selected event log, and evaluating each score
for the different quality dimensions. A progress bar is being shown, indicating how far the plug-in
is with executing. This progress bar is also shown in Figure 5.6.

Figure 5.6: The progress bar when the plug-in is being executed, as seen in ProM 6.5.1.
When the plug-in has executed completely, the score card is shown in the visualizer of ProM.
This visualizer has already been discussed in Section 5.5. To see details for a quality check, press
the ‘Details’ button. This can be done for every quality check.
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Experiments and Results
Different event data sets have been used for experiments and for testing the plug-in on. For this
project, it was important to have diversity in the event data sets. This because having different
data sets from the same organization would probably result in results that are alike, since an
organization often has a standardized way of extracting event information and putting that in an
event log. All of these data sets are downloaded from http://data.4tu.nl/.
For the experiments, the following event data logs have been used:
1. Business Process Intelligence Challenge (BPIC) 2015 Dataset 1 [35] (Real-Life
Event Log): This data is provided by five Dutch municipalities. The data contains all
building permit applications over a period of approximately four years. The cases in the
log contain information on the main application as well as objection procedures in various
stages. Furthermore, information is available about the resource that carried out the task
and on the cost of the application.
2. Hospital Log (BPIC 2011) [36] (Real Life Event Log): Real life log of a Dutch academic
hospital, originally intended for use in the first Business Process Intelligence Contest (BPIC
2011).
3. Dutch Financial Institute (BPIC 2012) [37] (Real Life Event Log): Anonimized reallife event log of the organization Rabobank. The process represented in the event log is an
application process for a personal loan or overdraft within a global financing organization.
The number of attributes per event is quite small, making it interesting to see what the
plug-in gives as results for this event log.
4. Large Bank Transaction Process [38] (Synthetic Event Log): Artificial event log that
represents bank transactions. The specific log used is the log “2000-all-noise.xes”. With this
log, the handling of noise within logs can be checked and the use of an artificial log.
5. Liander Dataset 1 (Real Life Event Log): Dataset provided by Liander. The event log
contains information about a send back process within the company. Materials that are
being used for the construction and maintenance of electricity grids follow a logistic process.
This logistic process has been logged. Only the send back part of the whole logistic process
has been integrated in the event log.
In the upcoming sections, the results from the experiments are written down and discussed.
These experiments are done in ProM. For additional information on how to use this tool, check
http://www.promtools.org/doku.php?id=start. A summary of the experiment results is shown
in Section 6.6.
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6.1

Dataset 1: Business Process Intelligence Challenge 2015 1

The results from the ProM plug-in are shown in Table 6.1.
Table 6.1: Results from the experiment for Data Set 1: BPIC15 1 [35]
Quality Check

Score

Attribute Relevancy Check
Consistency Check
Correctness Check
Duplicate Values Eventlog Check
Duplicate Values per Trace Check
Event Ordering per Trace Check
Missing Values Check
Resource Check
Timegap between Events Check
Timegap between Traces Check
Transactional Information Check
Timestamp Format Check
Unique Values Check
Structuredness Check
Valid Types Check
XES Standards
Overall Score

9.0
8.0
10.0
10.0
10.0
10.0
5.0
10.0
6.0
8.5
10.0
10.0
8.9

Found
in
Literature?
[29]
[27]
[28], [30]
[29]
[28]
-

Findings from Literature
1. [27] Timestamp issues. The data contains several timestamp variables: time:timestamp,
dateFinished, planned, dateStop, and dueDate at the activity-level and startDate, endDate,
and endDatePlanned at the case-level. However, most of these attributes turned out to be
unreliable. Out of the 8 listed times- tamp variables, 5 are missing in a vast number of cases
(dueDate, dateStop, planned, endDatePlanned, and endDate).
2. [28] Almost all cases follow a unique process path.
3. [28] Number of unique resources: 21.
4. [29] Data Statistics:
- Cases: 1.199
- Events: 52.217
- Average Number of Events per Case: 44
- Number of Executing Resources: 23
5. [29] Time Granularity in Event Logging. When inspecting events within the data, it becomes clear that there is a large inconsistency in the level of granularity of the associated
timestamps. Many events have timestamp 00:00:00. Although not impossible, it seems
unlikely that the corresponding events were actually executed at this time. Therefore, we
assume that event with such a timestamp have a granularity at day level.
- Number of coarse-grained timestamps: 23.992.
- Number of fine-grained timestamps: 28.225.
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6. [29] Event ordering. The events in all traces are ordered based on their timestamp. As
a result, per trace, events that have a coarse timestamp granularity all are placed before
events having a fine-grained timestamp, happening on the same day. The events that have
coarse timestamp granularity should in reality probably be intertwined with those that have
fine-grained timing information. This is supported by the last three digits of the activity
codes that hint on the order in which activities are executed. We can only safely assume the
order of those events for which we do have a fine-grained timestamp.
7. [30] Including incomplete cases could bias the comparison of the control-flow and throughput
times within and among logs. The case attribute ‘case status’ is assumed to distinguish
between complete and incomplete cases. The event logs are filtered accordingly, leaving out
cases that did not have the value ‘G’ or ‘gesloten’.
8. [30] There are 23 distinct resources.
Similarities between Plug-in Results and Literature
The bullets mentioned in this list refer to the bullets that have been mentioned in the ‘Findings
from Literature’ list.
• (Bullet 1) The fact that there are lots of missing timestamps is mentioned in the reports.
The plug-in notes that there are a lot of missing values, since the score for this quality check
has resulted in a 5.
• (Bullet 2) The reports mention that almost all cases follow a unique process path. The plugin results mention that there are 1170 unique traces out of a 1199 traces. This is almost all
cases.
• (Bullet 4) Both the reports and the plug-in mention the fact that there are 1.199 cases and
44 average number of events per trace.
• (Bullet 5) Inconsistency in the granularity of timestamps. Both the reports and the plug-in
give this as feedback.
Only found in Literature
The bullets in this list refer to the bullets mentioned in the ‘Findings from Literature’ list.
• (Bullet 1) The missing timestamps are specified in the reports, meaning that the specific
timestamp variables are mentioned that are missing. The plug-in only returns the number
of missing values over the complete event log, not indicating which attributes have missing
values.
• (Bullet 3, 4 and 8) The difference in the reports is that two reports mentions 23 unique
resources, and the other one mentions 21 resources. The plug-in notes that there are 23
unique resources. Contradicting reports, with two of the results being equal to the feedback
of the plug-in.
• (Bullet 4) The number of events is not given as feedback by the plug-in, but the reports
mention these numbers.
• (Bullet 5) The reports mention the inconsistency of timestamps with inconsistencies within
one specific attribute. The plug-in only checks if one or more timestamps per attribute follow
the most fine-grained granularity. After the plug-in finds one or more of these timestamps,
the score is adjusted to a higher one.
• (Bullet 6) Event ordering on coarse timestamps. The reports mention that the coarse
timestamps occur before the fine grained once, if they happen on the same day. The plug-in
does not detect this issue with the fine and coarse grained timestamps.
• (Bullet 7) The reports include the mention of incomplete cases, mainly due to the interpretation of attributes. The plug-in has no way to identify incomplete cases.
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Only found by Plug-In
• The plug-in detects that the consistency of attributes is not perfect. It scores high, but there
are some inconsistencies in the attribute values. The reports mention nothing of this.
• The plug-in detects an irrelevant attribute: ‘dateStop’, which is not mentioned in the reports.
• The plug-in gives an overview of Start / End activities, and the occurrence of self-loops.
The reports do not mention anything about this.
• Timegaps between traces and between events are mentioned by the plug-in. The reports do
not have this information.
Looking at these similarities and differences between the results, it can be concluded that the
plug-in finds some additional information that can really valuable. But that the plug-in is also
missing some aspects that could be useful for the user. Some feedback from the plug-in could be
extended such that the information is more complete.
The plug-in finds the same results as the reports, but not always in the most specific manner.
The reports are sometimes more specific, but less complete in regards to the different aspects that
are discussed.

6.2

Dataset 2: Hospital Log (BPIC 2011)

The results from the plug-in are shown in Table 6.2.
Table 6.2: Results from the experiment for Data Set 2: Hospital Log [36]
Quality Check

Score

Attribute Relevancy Check
Consistency Check
Correctness Check
Duplicate Values Eventlog Check
Duplicate Values per Trace Check
Event Ordering per Trace Check
Missing Values Check
Resource Check
Timegap between Events Check
Timegap between Traces Check
Transactional Information Check
Timestamp Format Check
Unique Values Check
Structuredness Check
Valid Types Check
XES Standards
Overall Score

10.0
8.0
10.0
1.0
8.0
10.0
10.0
10.0
6.0
7.5
9.0
8.0
8.1

Found
in
Literature?
[31]
[31]
[31]
-

Findings from Literature
1. [31] Data Statistics:
- Cases: 1.143
- Events: 150.291
- Distinct Activities: 624
2. [31] The activities in a case happen in bursts.
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3. [31] Each event in the event log contains an attribute ‘org:group’ that captures the department/lab where the activity corresponding to the event was performed. There are 43 distinct
‘org:group’ values (departments/labs) in the event log with one being ‘unknown’.
Similarities between Plug-in Results and Literature
The bullets mentioned in this list refer to the bullets that have been mentioned in the ‘Findings
from Literature’ list.
• (Bullet 1) The number of cases being equal to 1.143.
• (Bullet 2) Timegaps have been identified by the plug-in, indicating that there are timeframes
in which not much happens. This falls in line with the activities that happen in bursts, as
mentioned in the report.
Only found in Literature
The bullets in this list refer to the bullets mentioned in the ‘Findings from Literature’ list.
• (Bullet 1) Number of events and distinct activities.
• (Bullet 3) Since the plug-in only checks for ‘org:resource’, the groups are not identified by
the plug-in. The report clearly shows the different groups in which the events occur.
Only found by Plug-In
• The format of the timestamps is not given as feedback in the report. The timestamp granularity is really inconsistent for the different attributes. Some are logged up to the second,
some up to the hour and others up to a day. Much inconsistency in the timestamp granularity.
• Duplicate events within traces occur, in 2% of the traces. The report includes no information
about duplicates.
• Duplicate events over the whole log are present, which is not indicated in the report.
• The attribute values are fairly consistent (in length and type), scoring an 8. The consistency
of the data is not being discussed in the report.
• Structuredness regarding self-loops and unique traces is not included in the report.
• The ’Activity Code’-attribute consists of multiple type definitions, namely integer, string and
double.
Although there was only one report to be found for this data set, there is one major thing that
the plug-in is missing when seeing the results the report gives. The plug-in only takes the XES
type ‘org:resource’ into consideration, while it is also possible that only the department in which
an event occurs is being logged, which has the type ‘org:group’. This is something that could be
added to the plug-in to cover all these cases as well.
Furthermore, the plug-in gives some more insights than the report does. The report is not
very rich on the data itself, more on the analysis aspect of the event data set. That is why the
plug-in gives more information on the different quality dimension than the report does, making
the plug-in very valuable for a quick overview of different event data quality aspects.
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6.3

Dataset 3: Dutch Financial Institute (BPIC 2012)

The results as shown by the plug-in are given in Table 6.3.
Table 6.3: Results from the experiment for Dataset 3: Dutch Financial Institute (BPIC 2012) [37]
Quality Check

Score

Attribute Relevancy Check
Consistency Check
Correctness Check
Duplicate Values Eventlog Check
Duplicate Values per Trace Check
Event Ordering per Trace Check
Missing Values Check
Resource Check
Timegap between Events Check
Timegap between Traces Check
Transactional Information Check
Timestamp Format Check
Unique Values Check
Structuredness Check
Valid Types Check
XES Standards
Overall Score

10.0
9.0
10.0
10.0
10.0
10.0
10.0
10.0
10.0
10.0
10.0
10.0
9.9

Found
in
Literature?
[34]
[32], [34]
[33]
[32]
[32]
-

Findings from Literature
1. [32] Data Statistics:
Traces: 13.087
Events: 262.200
Average number of events per trace: 20
Number of Executing Resources: 69
2. [32] Every case starts with the activity ‘A SUBMITTED’.
3. [32] Timestamps up to milliseconds have been logged in the event log.
4. [33] For each event, the log shows the type of event, life cycle stage (Schedule, Start, Complete), a resource indicator and the time of event completion.
5. [34] Missing associations between start and complete events of activities. Since the start and
complete times for some events have been logged, it can be checked if for every start there
is a complete, and if the order is correct.
6. [34] Overlapping instances of activity executions. For activities that have both the start
and complete event types, it is analyzed if there are any scenarios where activity executions
overlap while using the same resource.
7. [34] There are some events in the log where the resource information is missing. Overall,
there are 18009 events across 3528 traces that have missing resource information, i.e., 6.86%
of the events and 26.96% of the traces have partially missing resource information.
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Similarities between Plug-in Results and Literature
The bullets mentioned in this list refer to the bullets that have been mentioned in the ‘Findings
from Literature’ list.
•
•
•
•

(Bullet
(Bullet
(Bullet
(Bullet

1)
2)
3)
4)

The number of traces and average number of events.
Starting activity: ‘A SUBMITTED’.
Timestamps are very precise, up to the millisecond.
Multiple life cycle stages have been logged.

Only found in Literature
The bullets in the list refer to the bullets mentioned in the ‘Findings from Literature’ list.
•
•
•
•

(Bullet 1) Number of Events is not shown by the plug-in.
(Bullet 2) Which life cycle stages is not shown by the plug-in.
(Bullet 5) Checking whether each start has a complete is not done by the plug-in.
(Bullet 6) Overlapping activity for resources is not checked by the plug-in, which may be
considered more of an analysis issue.
• (Bullet 7) Missing information is only detected by the plug-in if the cell is left empty or has
generally accepted ’empty’-values, like null etc. For the event log, the empty value is not
added to an event, the attribute is just left out.
Only found by Plug-In
• Regarding specific quality issues, nothing is given as a result by the plug-in that is not in
the reports already.
It is interesting to see for this specific event log that the quality of the data is really high
according to the plug-in. It is probably due to the fact that there are only a few attributes,
which are some general attributes that are present in most event logs. These attributes are logged
consistently, with very specific timestamp formats.
The reports show more information than the plug-in does. Maybe it is the case that when only
a few attributes are present in the event log, the added value of the quality check plug-in is not
that great as to when there are lots of attributes present in the event log. The smaller the amount
of data attributes, the smaller the number of flaws these attributes can contain. That does not
mean that every event log with very few attributes should score high. There can still be issues
with duplicates, timestamps, relevancy and correctness. But for this event log these flaws are not
identified.
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6.4

Dataset 4: Large Bank Transaction Process (2000-allnoise)

The large bank transaction process dataset contains multiple files, some including noise and some
including no noise. These datasets are all artificial, so they are not coming from real-life events.
For this experiment the 2000 trace variant has been chosen, since the 10.000 variant took too long
for the plug-in to handle. The results are shown in Table 6.4.
Table 6.4: Results from the experiment for Data Set 4: Large Bank Transaction Process (2000all-noise) [38]
Quality Check
Attribute Relevancy Check
Consistency Check
Correctness Check
Duplicate Values Eventlog Check
Duplicate Values per Trace Check
Event Ordering per Trace Check
Missing Values Check
Resource Check
Timegap between Events Check
Timegap between Traces Check
Transactional Information Check
Timestamp Format Check
Unique Values Check
Structuredness Check
Valid Types Check
XES Standards
Overall Score

Score
10.0
10.0
2.0
10.0
10.0
10.0
10.0
10.0
6.0
10.0
10.0
10.0
9.0

This dataset could not be evaluated by looking at earlier results found in reports. This is an
artificial dataset that has been used for a specific project. The reason this data set is included in
these experiments is to see whether the plug-in gives expected output for an artificial log. Since
the log is artificial, it should be the case that the quality of the log is high. The creator of the log
had its own input and interpretation on how the data should look like and is ready for analysis
purposes.
What is notable here is that the correctness check scores very low. This is because due to the
artificial nature of the event log, the timestamps of the executed events are exceeding the current
date. Just like most event logs, the transactional information limits itself to only one state, and
that is the state indicating that the event has been finished.
The dataset scores relatively high on all other aspects. All the attributes are consistent, no
duplicate values, no missing values and all of the resources are logged for each event that has been
executed. The format of the timestamps is logged up to milliseconds, and all the XES standards
have been followed. This is as expected, since the log has been created just the way the creator
intended it for its use, with quality taking into consideration probably.
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6.5

Dataset 5: Liander Dataset 1
Table 6.5: Results from the experiment for Data Set 5: Liander Data Set 1
Quality Check
Attribute Relevancy Check
Consistency Check
Correctness Check
Duplicate Values Eventlog Check
Duplicate Values per Trace Check
Event Ordering per Trace Check
Missing Values Check
Resource Check
Timegap between Events Check
Timegap between Traces Check
Transactional Information Check
Timestamp Format Check
Unique Values Check
Structuredness Check
Valid Types Check
XES Standards
Overall Score

Score
10.0
6.0
8.0
1.0
10.0
10.0
2.0
10.0
6.0
6.0
10.0
10.0
7.4

The scores for this data set is shown in Table 6.5. This data set of Liander scores fairly low
in comparison to the earlier mentioned data sets. This is mainly due to inconsistency in the
attributes regarding data type and length, a lot of missing values in the event log and the fact
that there are a lot of duplicate events across the log. There are no duplicate events within traces,
but when looking over the whole log, duplicates are found.
The XES Standards are all followed, and the timestamp formats are only logged on day level.
Resources have been logged, and only the completion time for each event is mentioned in this
event log. All attributes that are present are deemed relevant, and the ordering of events seems to
be included in the log. This all reflects the real data when looking at the data set itself, validating
the scores that the plug-in gives as output.
Since the timestamp formats are pretty coarse grained, the duplicate values of events over the
whole log scores very low. It would be wise to make the timestamps more fine grained, such that
the exact time of an event is being logged. This way, there is a smaller chance that events occur
on the exact same time. The more precise the logging is, the better the quality gets. Also, lots
of values are missing. If this occurs mainly in one specific attribute, it could be decided to not
include the attribute in the event data. All data types are consistent for each attribute.
It should be noted that the dataset of Liander that has been used for this experiment does not
contain any kind of personal data.
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6.6

Experiment Summary Table

In Table 6.6 all the scores from the data sets that have been used in the experiments can be seen.
Table 6.6: Results Summary for each Event Data Set.
Quality Check
Attribute
Relevancy
Check
Consistency Check
Correctness Check
Duplicate Values Eventlog
Check
Duplicate Values per
Trace Check
Event Ordering per Trace
Check
Missing Values Check
Resource Check
Timegap between Events
Check
Timegap between Traces
Check
Transactional Information
Check
Timestamp Format Check
Unique Values Check
Structuredness Check
Valid Types Check
XES Standards

Set 1
9.0

Set 2
10.0

Set 3
10.0

Set 4
10.0

Set 5
10.0

8.0
10.0
10.0

8.0
10.0
1.0

9.0
10.0
10.0

10.0
2.0
10.0

6.0
8.0
1.0

10.0

8.0

10.0

10.0

10.0

10.0

10.0

10.0

10.0

10.0

5.0
10.0
-

10.0
10.0
-

10.0
10.0
-

10.0
10.0
-

2.0
10.0
-

-

-

-

-

-

6.0

6.0

10.0

6.0

6.0

8.5
10.0
10.0

7.5
9.0
8.0

10.0
10.0
10.0

10.0
10.0
10.0

6.0
10.0
10.0

Overall Score

8.9

8.1

9.9

9.0

7.4

For some event data quality checks, the scores are pretty consistent. All the data sets have
their resources logged, have their events ordered on timestamp, score well in regards to duplicates
within a trace and follow the XES standards pretty well. Also, only one invalid type has been
identified in the second data set. All the other event logs contain no invalid data types.
In the other event data quality checks, some variance can be seen. This is where you can really
see the difference between the datasets. Some datasets contain no duplicate events at all, while
others have lots of them. Also, the consistency for attribute values is not guaranteed to be high
for every data set, with some scoring way higher than the other. Formats of timestamps vary a lot
too. Also, missing values are present in some of the data sets, but not in all. This way datasets
can be compared regarding their quality, when only looking at the event data.

6.7

Experiment Results Conclusion

After having conducted different experiments with the plug-in, we can conclude that different data
sets have varying quality issues. This was mainly notable in the duplicate values check, consistency
in attribute values, timestamp formatting and missing data values.
The plug-in has found some specific quality issues, like an irrelevant attribute and self-loops.
Where some reports mention timestamp formats, other reports do not. Not for every data set
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this information is present in the current literature, which is an event data quality check that is
quite important to be aware about. Having exact timestamps gives more accurate results and
makes sure the ordering of events is reflecting reality. Duplicate events are not often noted in
reports either, which can be a real quality issue. It is possible that the duplicates result in a
biased analysis conclusion. Quality issues like these should be detected as soon as possible and be
dealt with when necessary.
All by all, literature contains more detailed information regarding specific event data quality
dimensions. What the literature does not provide is a wide variety in these dimensions. The plugin measures multiple different aspects of event data quality, although it is not always as detailed
as the findings from literature.
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Conclusions
Data quality is still a big issue, especially within organizations. This paper has presented different
data quality dimensions. These have all been interpreted towards event data, making it a relevant
subject for the data area of Process Mining. The goal for this project was to quantify event data
quality dimensions, making them generic and implementing them in a plug-in. This plug-in makes
it such that different event data quality checks could be automatically executed, without the user
needing to check each quality dimension separately and manually.
The literature study showed that many different (event) data quality dimensions exist, with
differences in definitions across literature. This paper has provided a summary of the most common data quality dimensions. Also, for each of these quality dimensions, an argument has been
provided for if they are suitable for being made into a generic quality check or not.
The literature also mentions different frameworks that define a single (event) data quality dimension. Two of these frameworks have been taken from the literature and have been combined
into a new framework, which is used to define the way of measurement for an event data quality
dimension.
An implementation for these event data quality dimension measurements has been made,
namely a plug-in for the tool ProM. This plug-in takes an XES format event log and returns
a score card on which each data quality check has been scored. As feedback, the user receives
an overall score of the quality of the event log. For each of the quality checks, the user can get
detailed information on that check.
The plug-in has been tested on different data sets. Information about the data sets has been
taken from different literature pieces, to check whether the plug-in can find enough relevant information, and possible flaws, in the event log. While the literature provides more detail for some
event data quality aspects, the plug-in returns a wide variety of quality measurement information
which covers lots of event data quality aspects of the event log.
User interpretation is still really important when looking at the results of the event data quality
checks that have been made generic. If something is considered a bad thing in most cases, it does
not mean that it is a bad thing for 100% of the cases. This means that if the user notes that the
event data does not meet a specific requirement to have a high quality on a specific dimension,
but the user is sure that this dimension meets the requirements that are necessary and on a highstandard for the organization, the interpretation of the user of the quality being good outweighs
the quality check that says the quality is not on par.
Making quality dimensions generic is not an easy job, since it is difficult to have one specified
way of measurement. Each event log is different, and it is important to have the possibility to
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use these generic methods on every single event log. Defining these measurements is an intensive
task, and not always possible. User interpretation and domain knowledge are two major factors for
evaluating data quality. Domain knowledge is not required for the implemented event data quality
checks, but the interpretation of the user will always be needed to interpret results generated by
the generic event data quality checks.

7.1

Future Work

Due to the time frame for this project, different things could not be completed. This mainly came
down to some implementation aspects that are not included in the current plug-in for ProM. These
quality checks that are left unimplemented are checks that could be implemented if more time
would be spend on this plug-in.
The plug-in its structure is setup in such a way that it is easily extensible. If a new quality
check needs to be added to the plug-in, this can be done by simple creating the check and adding
it to the main list in the plug-in itself.
The following plug-in elements have been left unimplemented, and would have been implemented if the time frame would have allowed for this.
•
•
•
•
•

Outliers Check
Anonimization Check
Coherency Check
Timeliness Check
Sub-Traces Check

The framework itself could also be extended, or more dimensions could be added to the list of
already generic made quality dimensions. The framework is setup in such a general way that it
could be applied to any data quality dimension. This way the list of already defined aspects could
be broadened.
More details could be added for specific plug-in elements. For example, the division of
coarse/fine-grained timestamps within a single attribute, or the specification of which attributes contain lots of missing values. In the reports that have been used for the experiments and
results, some details that were included in these reports were not found by the plug-in. These
details are something that could be implemented in the plug-in, making it suitable for future work.
For each definition of a quality metric for an event data quality dimension, only one specific
metric has been discussed. This is the metric that has been used for the implementation. For some
event data quality dimensions, there are different ways to specify quality metrics. In future work,
these could be described and compared to other metrics and reasoned why one specific metric is
the best and is being used for the implementation of the event data quality check.
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