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Zusammenfassung

Aktuelle Workflow Management Systeme (WFMS) kénnen Firmen die mit kom-
plexen internen Prozessen arbeiten wertvolle Unterstlitzung bieten. Das Haupt-
problem bei der Einfuhrung dieser Systeme ist momentan das Erstellen des zu-
grunde liegenden Prozel3-Modells. Diese Aufgabe ist unter anderem deshalb so
schwer, weil das zu lhrer Erfullung benétigte Wissen unter vielen Mitarbeitern
verteilt sein kann, was aufwendige und teure Umfragen sowie Beratung von Ex-
perten notig macht.

Ein neuer Ansatz diese Probleme zu losen ist Workflow Mining. Das Ziel dieses
Ansatzes ist es, aus den Logdateien eines WFMS ein Workflow Modell zu ex-
trahieren. Mit Hilfe des so gewonnen Modells kbnnen dann Fehler in der Um-
setzung des urspringlichen Prozel3 Modells gefunden werden, oder inkrementelle
Verbesserungen vorgenommen werden. Ebenso kann die Technik eingesetzt wer-
den, um in Fallen, in denen noch kein Modell existiert, einen ersten Entwurf zu
entwickeln.

In ersten Versuchen mit Workflow Mining Tools hat sich die Arbeit mit ihnen als
sehr interaktiv erwiesen. Ein Workflow Mining Experte muf3 sich Schritt fir Schritt
dem endgultigen Ergebnis nahern, indem er Parameter auf Basis der bisherigen
Ergebnisse verandert. Das Workflow Mining Tool INWoLVE, das bei der Daimler-
Chrysler Forschung entwickelt wurde verfiigt Uber eine sehr leistungsfahige Min-
ing Komponente, ist aber nicht fur interaktive Nutzung ausgelegt.

In dieser Arbeit werden wir zunéchst systematisch die Anforderungen, die sich aus
der Interaktivitat ergeben, sammeln. Zu diesem Zweck fuhren wir Experimente mit
dem InWoLVE Tool durch, bewerten andere Workflow Mining Tools und suchen
im verwandten Forschungsgebiet Data Mining nach nitzlichen Ansétzen.

Im Anschlul® entwickeln wir Konzepte, um die gefundenen Anforderungen zu er-
fullen. Unter anderem stellen wir einen speziellen Layout Algorithmus vor, der ein
starker strukturiertes und gegeniiber Anderungen weniger anfélliges Layout pro-
duziert als die bisher in diesem Gebiet genutzen Algorithmen. AuRerdem haben
wir ein Mal} fur die Zuverlassigkeit der errechneten Modelle auf Basis einer Va-
lidierung und einige andere Methoden entwickelt, um den Benutzer bei seiner
Entscheidung flr ein endgtltiges Ergebnis zu unterstitzen.

Die meisten der entwickelten Konzepte wurden in einer prototypischen Implemen-
tierung, die auf dem INWoLVE Kern basiert, umgesetzt. Die ersten Erfahrungen mit
diesem Programm waren sehr vielversprechend, und beweisen die Nutzlichkeit der
entwickelten Konzepte.






Abstract

Current workflow management systems (WFMS) can provide valuable support for
a company dealing with complex internal processes. The main problem in in-

troducing these systems has proven to be the design of the underlying workflow
model. This task is especially difficult since the knowledge about the companies’

workflows is in most cases distributed among many employees, which leads to an
expensive design phase including surveys and consulting by workflow experts.

A new approach to solve this problem is Workflow Mining. The goal of Workflow
Mining is to extract a workflow model from the log-files of a workflow manage-
ments system. This data can then be used either to locate errors in the implemen-
tation of the workflow model, to continuously enhance the model or even in some
cases to create a first model from the log-data of ERP systems like SAP.

The use of Workflow Mining tools has shown, that the mining process is highly
interactive, requiring the expert to close in on the result by adjusting parameters
step by step according to the achieved results. The Workflow Mining tool In-
WOoLVE which has been developed at the DaimlerChrysler research, provides a
sophisticated mining engine but is, due to its command-line based nature, not fit
for intensive interactive use.

In this thesis we systematically gathered requirements for a workflow mining tool
with special respect to the interactive nature of the workflow mining process. To
this end we conducted experiments, assessed other existing Workflow Mining tools
and evaluated concepts of the related area of data mining for applicability in our
context.

We then developed concepts to fulfill the requirements based on some guidelines
defined during the requirements phase. These concepts consist among others of a
special layout algorithm that provides a more structured and change resistant layout
than those of current workflow tools. Furthermore we developed a measure for the
reliability of mined models based on validation, and devised several methods of
supporting the user in the decision for a final result.

Most of the concepts were implemented in the ProTo tool, in order to prove their
feasibility. First working experience with this tool has been very promising, sur-
passing the possibilities of a combined system of a non-interactive Workflow Min-
ing tool and a “normal” workflow tool by far.
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Chapter 1

Introduction

1.1 Motivation and Classification

During the last decade workflow management systems have become readily avail-
able and can now be considered a must for companies dealing with complex pro-
cesses. However, in order to use these systems to support business processes, one
needs to create concise, efficient and above all realistic workflow definitions.

(2) workflow mining

workflow
diagnosis

(3) Delta analysis

workflow
design

workflow
enactment

workflow
configuration

(1) traditional approach

Figure 1.1: The workflow life-cycle (taken from [vdAvDH3])

Currently the task of developing a workflow model is handled as a number of suc-
cessive design and management decisions, parted in workflow design, configura-
tion and enactment. In the workflow life-cycle introduced by van der Aalst et
al. which is shown in figurp 1] 1, this is called ttraditional approach In this ap-
proach a lot of time is invested in the design phase in order to improve the workflow
model as regards process optimization and management strategies. Since knowl-
edge of a process is often highly distributed, this may also include time consuming
guestioning of employees and management. During configuration the workflow is



then adapted to special properties of the workflow system used by the company.
Afterwards the system is put to work, serving workflow instances during the enact-
ment phase.

In summary, a lot of money is spent in order to develop a good process. However,
success cannot be guaranteed, since deficiencies in the workflow are solved only by
repeating the same three steps over and over again, including the time consuming
design phase. Currently available workflow tools don’t support the designer in this
tiresome and error-prone task.

To solve this problem several researchers have proposed the use of data mining
technology in order to develop a more iterative process [H€r0T, MKLOI, CW98b,
dAWMOQOZ]. This new approach is callegorkflow mining and basically tries to

close the loop by processing log data generated by workflow systems, and extract
a process definition from it.

The workflow mining tool INWoLVE, developed by DaimlerChrysler research, has
already been used in real world projects. During this work the process of itera-
tive workflow generation has proved to be highly interactive, since the Workflow
Mining expert must find the optimal solution by varying parameters and evaluating
intermediate results. This highly complex task calls for a workflow mining tool
that can support the user in his search for the correct solution.

At this stage neither INWoLVE nor the other existing approaches take the extended
requirements induced by this scenario into account, but rather focus on their core
technology. Thus a great part of the potential of those tools in the field of workflow
modeling is lost.

In this work we analyze the additional requirements and develop concepts to solve
them. Among others, these concepts include a special layout algorithm for series
of workflow models, a special measure for the reliability of a model and design
concepts for a workflow mining tool. Some of the concepts have been implemented
in a prototypical implementation to show their feasibility.

1.2 Structure of the Thesis

In chapter two we will introduce the scientific and technical basics used throughout
the other chapters.

In chapter three we describe the gathering and the evaluation of requirements for
interactive workflow management. We begin by describing our work with the cur-
rently available setup using InNWoLVE and a separate visualization tool, stating
weaknesses and deducing requirements. Then we evaluate other available work-
flow mining tools, seeing how they cope with the aspects mentioned above. Next
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we look into the related area of data mining in search for concepts that might be
adapted to this work. Finally we sum up the requirements, and assign them priori-
ties according to their importance in our context.

In chapter four we then develop concepts to fulfill the requirements.

Finally, in chapter five, we describe the prototype developed in order to prove the
feasibility of the concepts.



Chapter 2

Background

In this chapter we present the necessary background knowledge for the following
chapters of the thesis. We begin by introducing the terms and definitions that will
be used throughout the thesis, giving amongst others a more detailed definition
of Wokflow Mining and its goals. Next we explain how the existing Workflow
Mining tools can be classified and introduce with INWoLVE our tool of choice. We
end the chapter by giving a short introduction of the Business Process Modelling
Tool ADONIS, and explain why it is relevant to this thesis.

2.1 Terminology

Although the research area of Workflow Mining has a broader focus than that of
Workflow Management, they still share the same basic terminology. Therefore we
use in this thesis the definitions of the Workflow Management Coalition (WFMC)
stated in[wim9P]. The relationships between the basic terms of this definition are
shown in figurg¢ Z]1.

Based on this figure we will first distinguish the two terms 'business process model’
and 'workflow model’. Next we explain the relation between a workflow instance
and a log trace, and finally give a more detailed definition of workflow mining.

2.1.1 Business process versus workflow

According to the WFMC[Iwim9P] a business process is

“A set of one or more linked procedures or activities which collec-
tively realize a business objective or policy goal, normally within the

4
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Figure 2.1: Relationships between basic terminology (taken ftam [wifm99])

context of an organizational structure defining functional roles and re-
lationships.”

However, not all of the mentioned activities can be supported by a workflow man-

agement system. Thus the WFMC distinguishes between manual and workflow
activities

“An activity is a description of a piece of work that forms one log-
ical step within a process. An activity may be a manual activity,
which does not support computer automation, or a workflow (auto-
mated) activity. A workflow activity requires human and/or machine
resources(s) to support process execution; where human resource is
required an activity is allocated to a workflow participant.”

In consequence a workflow is the part of the business process that can be supported
in a workflow managements system, and can be defined as:

“The automation of a business process, in whole or part, during which
documents, information or tasks are passed from one participant to
another for action, according to a set of procedural rules.”
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However these definitions are not beyond doubt, for example the terms 'manual’
and 'automated activity’ are misleading. Contrary to the terminology, manual ac-
tivities are often included into workflows in order to remind the user of them. Fur-
thermore the definition of workflow is unnecessarily specific in mentioning the
content of actions. For our context, however, these problems are not relevant, and
we use the definitions as stated by the WFMC.

2.1.2 Process/Activity Instances and Log-Traces

The execution of a process or activity is called instance and is defined in detail as :

“The representation of a single enactment of a process, or activity
within a process, including its associated data. Each instance repre-
sents a separate thread of execution of the process or activity, which
may be controlled independently and will have its own internal state

and externally visible identity, which may be used as a handle, for

example, to record or retrieve audit data relating to the individual en-

actment.”

As already indicated by the last sentence of the definition the instances are the
most important events that can be logged by a workflow management system. The
log entries of all activity instances in one process instance form one trace of the
workflow. The traces are the basic unit used during the mining process.

2.1.3 Workflow Mining

During the enactment of a workflow-model the executed activities can be logged
and then stored in a so called workflow-log. The log-entries of one complete
workflow-instance are called a trace. Based on these traces it is possible to ex-
tract a workflow-model, using a combination of methods from Data-Mining and
Machine Learning. This new approach is called Workflow Mining.

The whole procedure would make little sense, if a workflow-model and its execu-
tion always matched exactly. This is, however, not the case for various reasons.
For example the employees may not have understood all aspects of the workflow-
model, software may have changed, or the model itself contains errors. Whatever
the reason may be, it will result in a different model being mined than the original
workflow-model.

One useful application of Workflow Mining is the usage of a learned model as a
basis for the improvement of an original model. Since a mined model is based
only on actual events it provides more objective information about a system than
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any normal design. It can thus provide invaluable help during the diagnosis and
(re)design phase.

We still ought to mention one obvious drawback shared by all Workflow-Mining
approaches that work only on logged data. Since the only source of information
for these systems are the logs of computer systems, any event that is not managed
by a computer system of some kind will remain unnoticed.

2.2 Classification of workflow mining tools

In order to permit a comparison of the different process mining algorithms Herbst
has defined four problem classEs [Hér00]. The classes are derived from two char-
acteristics of the unknown workflow model. The first characteristic is the sequen-
tiality of the model. A model is strictly sequential if there exist no splits and joins,
otherwise it is parallel. The second characteristic is the uniqueness of activity
names. Non unique activities add the additional task of distinguishing between
vertices with the same action name.

Using these two characteristics we can define the problem classes as shown in table

2|

| | sequential mode] parallel model|

unique activity names classl class 3
non unique activity names class2 class 4

Table 2.1: Problem classes in workflow mining algorithms.

In the following section we will use these problem classes to distinguish INWoLVE
from the other workflow mining tools, and draw some conclusions from the prob-
lem class that is solved by INWoLVE.

2.3 The InWoLvE workflow mining tool

2.3.1 Introduction

INWoLVE stands for In ductive Workflow L earningvia Examplesﬂ and was de-
veloped by Joachim Herbst as a proof of concept for his PhD tHesis [Her01]. It is
a command line based workflow mining tool of high technical complexity, and has

1The name InWoLVE should also express that the main purpose of the system is to involve the
end users of a workflow application much better into the definition of the workflow model.
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already been used in real world applicatidns JHKIO3b]. Furthermore it is currently
the only workflow mining tool able to solve class four problems.

Since the need for a special interactive component was discovered during work
with INWoLVE, we used it as a basis for our experiments. Also the INWoLVE kernel
is used in the prototypical implementation ProTo developed during this diploma
thesis.

We now give a short overview over the INWoLVE system, all the time paying atten-
tion to aspects of the used algorithms and programs that might influence our exper-
iments in chaptef]3. As this introduction is limited to those aspects of INWoLVvE
with a relevance to this topic it might be expedient to take a look_ai [Her01] for
more details.

2.3.2 Calculation

INWoLVE divides the calculation of workflow models into two steps: the induction
and the transformation step.

Induction

The goal of the induction step is to receive a representation of the workflow from
analyzing the workflow log. Depending on the structure of the mined workflow
INWoLVE can use two different intermediate data models. Stochastic final automat
(SFA) [Her01] can only be used if the described workflow is sequential, i.e. if
there are no parallel activities. Since this is hardly sufficient in real world scenarios
INWoLVE uses stochastic activity graphs (SAG)[Heér01] to represent the extracted
workflow. In this chapter we will only use the SFAs for depictions of the data
structure because they are easier to understand.

Operating in a class four scenario adds to the normal mining process the additional
problem of distinguishing between activities of the same name. InWoLVE solves
this by searching for a mapping from the activity instances in the workflow log to
the activity nodes in the workflow model, using the SplitPar algorithm. The search
space is composed of all the possible mappings with the most general model (
only one activity node for all activity instances with one name) at the top and the
most specific mapping ( bijective mapping between activity nodes and instances )
at the bottom. Between the other mappings exists a partial order, according to their
degree of specialization ( more /less special than). Figufe 2.2 shows a graphical
representation of the search space.

The search algorithm searches top down, starting with the most general model.
More special models are generated by splitting activity instances of the same name
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©

worktlow instances

Y more specific

Figure 2.2: The search space for the induction algorithm (adapted from JHer01])

according to different characteristics. Currently INWoLVE implementSthlécause
and theS plityistory Options, which are explained inJHer01].

The split is implemented by dividing the activity instances mapped to one activity
node into two groups, according to the characteristic used to locate the split. In the
more specific SAG generated by this step, different activity nodes are assigned to
the groups. An easy way to implement this is to rename the activity instances in
one group, and then generate the next SAG. In the example shown in figgre 2.3
the activity instances with the names A and C of the original workflow log are split
into A, A, C and C’ using two split operations.

During this process the search is guided by the log likelihood (LLH) per sample of
the SAG, as a measure for improvement. Only results that improve the LLH more
than a given threshold are returned as results. The search stops if no more nodes
are found, or the calculation time is up, whichever happens first.

In order to compute the log likelihood, a stochastic sample is used. That is to say
that every workflow-instance appears as often as it has been observed. Each of
these instances is then tested against the current SAG, and the probability of the
examples fitting the model is calculated.
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Transformation

The SAG produced by the induction algorithm is very hard to read and structured
quite differently from the models used by workflow applications. In the transfor-
mation step the SAG is translated into a block-structured workflow-model in the
ADONIS format ADL (Adonis Definition Language), which will be described in
more detail in section 2.4.

The transformation phase can be subdivided into three main steps, explained in
detail in [Her01]:
1. The analysis of the synchronization structures of the workflow instances in
the workflow log,
2. the generation of the synchronization structure of the workflow model and

3. the generation of the model.

However not all SAGs have an equivalent ADL representation. This has two rea-
sons:

e There are SAGs that describe an infinite state space ( they might be seen
as unbound petri nets ), while well-defined ADL workflow models always
describe a finite state space.
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e Well defined ADL models require properly nested splits and joins - this is
also called a block-structure - while SAGs allow any kind of dependency
structure.

Even though the transformation algorithm aims at coping with these problems in
various ways[[HKO3a], the result of changes in the SAG may trigger unpredictable
modifications on the ADL.

2.3.3 Configuration

The induction algorithm is controlled by a number of parameters. Since those
parameters are of some importance to the experiments in chapter three, we will in
this chapter give a short explanation of the more important ones.

timeLimit the total time the calculation may take.

nrOfBeams the number of beams used during the beam search. The
larger the number, the more paths are simultaneously
searched for solutions.

minImprove  this is the minimal amount a new model needs to score
higher in the LLH than the previous one in order to be
returned as result. Setting this too high may lead to a
calculation without results.

nrOfSamples the number of workflow instances to be used in the in-
duction step. Of course a higher value promises more
exact results, but the calculation may then become very
time consuming.

noiselLevel  this parameter sets a threshold for the probability of a
branch, below which it is removed from a graph. This is
used to eliminate branches that were deduced from the
log of rare behavior ( e.g. error by an employee). Of
course, setting this value too high may mask an impor-
tant but very rare event in a workflow.

A complete in depth explanation of the parameters can be foudin[Her01].

2.3.4 Restrictions

The current implementation of INWoLVE has some restrictions in learning special
models. A lengthy discussion of examples of these restrictions can be found in
[Her01] and is beyond the scope of this work. However we give a short list of

model properties, that may lead to wrong results:

¢ nested loops or loops that contain alternative branches
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loops containing parallel branches

branches with a local maxima of LLH

very long parallel branches, especially if one branch has a longer processing
time than the other

identical activities in short parallel branches

In some cases an experienced user is able to deduce the correct result from a wrong
one. Sometimes however the resulting model is totally misleading.

Another restriction of INWOLVE is inherent in the system. Since INWoLVE only
processes log entries, it obviously can only extract actions that are logged by the
system. It is the task of the workflow mining expert, together with the business
process engineer, to fill these gaps in the resulting workflow model.

Furthermore InWoLVE doesn't distinguish splits and joins by their semantics (i.e.,
AND or OR).

Finally, the additional problem of condition minifg JAGI98, HelD1, vdAvDB8H]
is not addressed in INWoLVE.

2.3.5 Available data

Although InWoLVE returns only the mined workflow models as result of the cal-
culation, there exists other useful data in the system. Since we will later on use this
data at different stages, we will now introduce it and explain its context.

Log Likelihood (LLH)

The log likelihood is a measure for the quality of a model. It is calculated before
the transformation takes place, and is based on transition probabilities in the SAG
structure. The calculation of the LLH has already been described in sgcfioh 2.3.2.

Split Cause

The information about the reason for splitting one vertex into two in the induction
phase is stored in the SplitCause variable. This may for example be the differ-
ent history of two events with the same name, indicating that they represent two
different action vertices in the model.
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Search Tree

In figure[2.2 we introduced the search space for the induction algorithm. Every
result produced by the learning algorithm can be found using one of the paths in
this search space. The search tree consist of all the paths that lead to results. There
exist different paths to a result, however we can distinguish the paths by marking
the edges between the results with the split cause that leads to the new result.

Visit count

The edge probabilities shown in the results of INWoLVE are calculated on the basis
of the number of times a edge has been visited in all the traces used to learn the
model. This information, and the visit count for vertices exist in the INWoLVE data
structure, but are not displayed in the current build.

2.4 ADONIS

ADONIS [JKSKQQ] is a Business Process Management Toolkit developed by BOC
GmbH. It is of relevance to our project because of two reasons:

1. As mentioned above InWoLVE doesn’t include a visualization component,
but instead exports its models to ADL format. Those models are then dis-
played using ADONIS’ layout component.

2. INWoLVE uses the Adonis Definition Language as model language. Thus the
restrictions this language entails for the workflow model are of great interest
to us.

The visualization component won'’t be presented in this chapter, we will however
point out some of its weaknesses in chapjer 3 since they point us towards require-
ments for the design of our own layout component. We will now give a short
overview over the restrictions imposed by the ADL on the structure of a workflow
model.
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As we already mentioned, models defined in the ADL are block-structured. In-
WoLVE uses a slightly modified semantic of ADL, describedinHer01]. We will
now summarize the restrictions imposed upon our workflow models by this mod-
eling language:

. there exist exactly one process start and process stop vertex

. all vertices can be reached from the process start vertex

1

2

3. the process stop vertex can be reached from all vertices

4. the graph is connected ( in conclusion of the last two points )
5

. the vertices between a split and its corresponding join form a subgraph.
There are no edges, neither inbound nor outbound, connected to vertices
that are not member of the subgraph

the branches of a split are not connected amongst each other
. process start, activity and join vertices have exactly one successor

. split and decision vertices have at least one successor

© ® N o

. the process start vertex has no predecessors
10. the process stop vertex has no successors

11. the sum of a vertices outgoing edges’ probabilities equals the sum of the
incoming edges’ probabilities ( Kirchhoffs’ second law)

These restrictions are especially significant, since some of the concepts developed
in chaptef # rely on the reduced graph structure they imply.



Chapter 3

Requirements analysis

The goal of this chapter is to find all requirements that a Workflow Mining tool
should meet in order to support the interactive aspects of the mining process.

Ouir first step is describing the work with the Workflow Mining tool InWoLvE and
trying to solve a number of workflow mining tasks. The problems we encounter
during this work will point us directly to requirements for an interactive Workflow
Mining tool.

Next we evaluate other tools developed in this research area and try to find similar-
ities and ideas that we missed in our approach.

Up to this point our whole analysis is focused on practical aspects. We then explore
the theoretical possibilities by evaluating methods dealing with interactivity in the
related research area of data mining.

We finish the chapter by summarizing the requirements found, and by sorting them
according to their relevance from a user’s point of view.

3.1 Workflow Mining with InWoLVE

We begin this section by describing step by step the interactive aspects of the Work-
flow Mining process. We describe for each step how we perform it using INWoLVE
and ADONIS, what problems we met during the process and what additional fea-
tures would be useful for a user.

We then describe some of the conducted experiments that led to interesting results.
First we show some examples of working on a sufficiently large number of exam-
ples, leaving the special problems that arise when working with a too small number
of log entries to the following section. To conclude the experiments we work on

15



16 CHAPTER 3. REQUIREMENTS ANALYSIS

a model that can’t be learned due to the restrictions of INWoLVE mentioned in

sectiolZ3H4.

3.1.1 Interactive aspects in the Workflow Mining process

In this section we introduce those steps of the Workflow Mining process that re-
guire an interaction of the user with the Workflow Mining tool. We explain the
purpose of each step, and show how it is handled by the current working setup
of INWoLVE and ADONIS. Based on problems we met during our work with this
setup and general observations we made, we then deduce requirements for an in-
teractive Workflow Mining tool.

Choosing the initial parameters

The first interaction of the user is needed even before the actual mining process has
begun. In order to start the mining process a first set of parameters is needed. The
correct settings are highly dependent on two aspects:

¢ the size and complexity of the workflow being monitored

¢ the amount and quality of the available log-data

The task of adapting the settings according to first aspect is based on the experience
of the user as well as external knowledge about the workflow. Tool support for this
task is not feasible at the present state of the art.

A Workflow Mining tool can however provide some useful information by extract-
ing the following data from the workflow log without performing a complicated
calculation:

1. total number of traces
2. number of different traces

3. an estimation of the maturity of the log by setting 1. and 2. in relation to
each other. Such an estimation will, however be too pessimistic if the model
contains a lot of parallelism and thus allows a lot of different traces from the
same workflow model.

4. an estimation of the complexity of the workflow: average number of events
per trace
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In the current working setup this information is not made available to the user.
Thus we state the obvious requirement:

All readily available data (i.e. no calculation is needed to extract it)
about the workflow log has to be extracted and presented to the user.

Evaluating the results

The next interactive aspect of workflow mining is the evaluation of the results. The
main task for the user in this step is to examine the results, understand the mined
workflow models and get an impression of the calculation’s success. Furthermore
he must establish if unexpected aspects of the result models are based on real facts
( for example an unknown action in the workflow ) or if they are errors.

In the current working setup InWOLVE writes its results into a text-file after finish-

ing the calculation. As we described in section 3.3.2 the result of one calculation
consist of a number of models, marking the path in the search tree according to the
chosen parameters. For evaluation every single one of these results has then to be
imported into ADONIS for visualization.

The first non satisfying characteristic of this working process is the absence of a
means to follow a calculation’s progress. Thus the user can neither estimate the
guality of the ongoing calculation, nor does he know how long it will take until the
calculation is finished. Especially when mining complex models or a large number
of traces it is very tiresome to wait half an hour only to realize at the end of a
calculation that the results are worthless because of wrong parameter settings.

On a very basic level this could be solved by displaying the remaining time of a
calculation. This, however still leaves the risk of a worthless calculation. What we
need is the possibility to examine the intermediate results of a calculation as soon
as they are produced.

Display intermediate results of the calculation as soon as they appeatr.

By implementing this feature alone the problem isn’t solved though. The user is
still in the position of a helpless observer, without any means to influence the cal-
culation (apart from killing the process). He needs to be able to alter the parameters
of the calculation as well as directly stop it if it shows no promise.

Enable the user to alter the parameters of an ongoing calculation or to
cancel the calculation altogether.

When the calculation is finished the next step is to import the results into ADONIS
for visualization. Performing this action for every model in the calculation proved
to be time consuming, and interrupted the actual process of Workflow Mining by
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several minutes of repetitive mouse clicking. A tool designed for Workflow Mining
has to avoid this by providing an integrated display component.

Provide a display component as an integrated part of the tool.

Once the results are imported into ADONIS the user has to examine the models and
get an impression of the calculation’s success. Because this step depends heavily
on the mined workflow, we will examine it based on examples in the next section.

At this point a difficulty should be mentioned that we encountered independently
of the mined workflow: Even when mining a workflow of only average complexity
we received a significant number of intermediate results. During the examination
of the models we often switched between them for comparison and to retrace the
calculation step by step. In ADONIS the only way to distinguish the models is to
systematically assign them names on import. Apart from the fact that it takes a lot
of discipline to perform this task effectively, the option will no longer be available

if we fulfill the requirement for integration of a display component. Based on our
observations we state the following requirement:

Provide a clearly arranged overview of the models which:
¢ distinguishes the models from one another
¢ ranks the models according to their history

e allows direct access to the models

The final task of accounting for unexpected aspects of the mined models is once
more based on external knowledge, and cannot be supported on a tool basis.

Based on the information in this chapter the user now has to decide if he will
modify the parameters and start another calculation, or if he chooses one model as
a final result.

First possibility: modifying parameters for the next iteration

If the user comes to the conclusion that his settings for the algorithm can still be
improved, he will modify the parameters accordingly and start a new calculation.

Again the actual task of modifying the parameters depends only on the skills of the
user, and cannot be supported by a tool. Yet there is also an administrative aspect of
the task, that only becomes obvious when performing some iterations. If a modifi-
cation has proven to be wrong, the user will in some cases not want to base the next
modification on the last configuration, but on a previous one. Also if coming back
to a workflow after some time the user will in most cases not remember the last
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settings he used. Because of these problems we state the following requirement:

Manage configurations in a way that they can be associated with a cal-
culation, enabling the user to choose the configuration that was used to
obtain a specific model.

Second possibility: choosing a result model

If the user is content with the result of a calculation he has to decide which model to
use as a final result. We will explain the difficulties of this step in the next section,
based on examples.

Saving the results of the work

After the mining process itself is finished there are still two aspects to take care of.

The first is that in order to utilize the resulting model, we need to be able to export
it in a way that it can be used by other workflow systems.

Provide an export mechanism to interface with external workflow tools

Furthermore we want to be able to pick up a mining process where we left it the

last time. Thus on exiting the system we need to store all needed information. This
requirement is present in almost every modern software and is generally referred
to as project support.

Provide project support, enabling the user at any time to save the state
of the project, and to continue at a later time.

3.1.2 Experiments

We start this section by describing the acquisition of the log data used for our exper-
iments. Then we describe some of the conducted experiments that led to interesting
results. First we show some examples of working on a sufficiently large number
of log traces. Next we focus on the special problems that arise when mining a
workflow log that doesn’t provide enough information given the complexity of the
model. This experiment represents a situation which is often met when mining
young system, where only few traces are available, and the user can’t be sure if the
data is sufficient to produce reliable results. To conclude the experiments we work
on a model that can’t be learned due to the restrictions of INWoLVE mentioned in

sectiof 2.3 4.
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Acquisition of Log Data

Since the principal capabilities of INWoLVE have already been established JHer01,
[HKO3H] we will omit mining known models and focus on more meaningful experi-
ments on unknown models. The data used during these experiments was generated
by two test persons for the PHD thesis of Joachim Hefbsi[Her01]. In order to in-
crease the probability of receiving significant models, the following modeling rules
were stipulated:

1. All models are supposed to contain parallel activities
(problem classes 3 and 4).

2. The majority of models should contain non unique activities
(problem class 4).

3. At least half of the models should contain loops.

4. In every model the unique activity nodes should outnumber the non unique
activity nodes.

5. The probability of entering a loop should not exceed 0.2.

6. Two occurrences of the same activity should distinguish themselves suffi-
ciently by their context.

7. Parallel branches should be short.

Rules one to three guarantee ample complexity while the other rules try to keep
the complexity within manageable limits. In total fifty test models were generated,
half of which were used during our experiments.

Mining model es26: Layout deficiencies

This experiment was based on traces generated from model es26 which is shown in
figure[3.]. Due to the nested structure of this model, it is one of the most difficult to
learn in the whole test series. Apart from its complexity it is interesting, because it
produces a lot of models in one calculation, and reacts very sensitively to a change
of parameters.

We started the mining process by using standard settings that produced good results
in most cases. Due to the complexity of the model we had to adapt the parameters
several times before we received structured results.

We then began the process of evaluating the results by leafing through the models
in order to get an overview. Already during this step we encountered the first
difficulties with the layout mechanism in ADONIS.
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Figure 3.1: Model es26

In figures[3.2 andl 3]3 we show two successive results of our calculation. The
only difference between the two models is that in fiquré 3.3 the loop around the
vertices B and D is rolled out, and a new Vertex B is introduced. It is, however not
easy to locate this difference at first glance, because the layout engine of ADONIS
changes the position of five vertices and as much as eleven edges from one model
to the other. Some of the modified edges aren’t even connected to vertices that
changed their position. We try to show the extent of the changes by marking all
moved vertices and edges in fig{ire]3.3.

It is obvious that a workflow mining tool should offer better support for the com-
parison of successive models. A first step would be a layout component that is
more resistant to changes and will provide a more similar layout for successive
models. The most important features of such a layout would be:

e vertices that exist in both models don’t change their position
e new vertices are inserted in a way that causes the least changes in the model
e only edges that are connected to vertices that changed their position may be

modified

These characteristics describe an ideal solution that will be hard or even impossible
to reach, especially because there exist other constraints for the layout component
as we will see later in this section.
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Implement a layout component that is resistant to changes between two
models.

If we only implement the new layout component, the task of locating the actual
differences will still be left to the user. An advanced support mechanism would
therefore be to compute the differences between two models and mark them for
easier recognition. We leave the discussion of how to best display such a compari-
son to the concept chapter.

Offer the possibility to automatically compute and display the differ-
ences between two models.

Our next step after getting a general impression of the results was to examine the
more promising models in greater detail. The underlying difficulty in this step is
to understand the structure of the workflow in order to grasp its meaning. Once
again we found the layout capabilities of ADONIS quite insufficient for our needs.
We would wish for a layout component with stronger emphasis on the structure
implied by the syntax of our workflow modeling language ( see seffign 2.4):

e The process start is always performed before any other part of the workflow.
It should therefore displayed “above” all other components of the workflow

e The process stop is always performed after any other part of the workflow. It
should therefore displayed “beneath” all other components of the workflow

e The branches of a decision vertex are separate execution possibilities. They
should therefore be easily distinguishable in the layout.

e The vertices between a split and its corresponding join form a separate sub-
graph. This substructure should be emphasized by :

— layouting the branches to be easily distinguishable, similar to the branches
of a decision

— treating the split and join similar to the process start and stop
— treating the split/join block as if it were one vertex

In figure[3:4 we show examples for the first two aspects where the layout produced
by ADONIS should be improved.

Another aspect of structure is that it will only be recognized if it is always presented

in the same way. For example, we are used to see a tree structure presented with
the start element at the top. Another presentation will require an adaptation in the
thinking of the user. We should for example decide if a decision vertex is placed
between its branches or at one side of them, and stick to that decision. Likewise all
other aspects of the layout that leave room for decision, need to be decided on at
one point.
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Figure 3.2: Model es26: Mining Result containing a loop
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Inserted Vertex

Figure 3.3: Model es26: Mining Result without loop. Unnecessarily moved parts
of the layout are marked.
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: |

(a) Bad separation of paths (b) Overlapping of split block with ex-
ternal structure

Figure 3.4: Deficiencies in the structure of the ADONIS layout

The layout must convey the structure of a workflow by:

e emphasizing the structure implied by the syntax of our modeling
language

e substantiate the structure by eliminating random influence

After the examination of the models we came to the conclusion that one of two
models shown in figurds 3.2 apd 3.3 must be the correct result. In order to opt for
either model we first consulted the LLH (see secfion 2.3.5) for each model, which
is calculated by InWoLVE, but stored in an separate file from the models. In many
of our other experiments this data was sufficiently significant to make a decision.
In this case, however, we needed to additionally consult the search tree structure
(see sectiop 2.3/5) to establish that the model without the loop is an improvement
of the model containing the loop.

Since the LLH and the search tree structure have also proven useful in other exper-
iments we state the following requirement:
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Display the following data in a way that it is easily available to the user
during the mining:

e the LLH for the current model

e the search tree structure that led to the model

Mining model es9: semantic equality

In this experiment we opted for a result model directly after the first calculation.
The chosen model was, however, visually different from the solution, as can be
seen in figur§¢ 3]5. When examining the differences we realized that in our model
two splits are combined into one with probability marked branches.

Although the visual differences between the models are quite obvious the interest-
ing question at this point is: can one of the models produce traces that the other
can't produce? Or, in other words, do they describe the same workflow on a se-
mantic level?

This question is of special interest when the Workflow Mining technology is used to
perform incremental workflow design. In this case the question if the new workflow
model is mightier than the old one, and which traces can’t be performed with the
old model are of central importance.

In this rather simple example it didn’t take us long to realize that our model is
semantically mightier than the original model, because the loop in the lower part
of the graph contains both paths of the decision vertex. A calculation with other
parameters later produced the correct result.

When dealing with large models it won't be as easy to perform the comparison
without tool support. We therefore state the following requirement:

Provide a tool to estimate the semantic similarity of two models.

Mining model es3: syntactic errors
In some cases INWoLVE produces results that contain syntactic errors. Two of these
errors can be seen in the result of mining model es3 which is shown in figyre 3.6.

The first error is the split containing only one vertex. Although this is no grave
error it reduces the readability of the model.

The second error is worse, because it will corrupt any simulation of the model: for
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Figure 3.5: Model es9 solution, and wrong result

unknown reasons INWoLVE will in some cases assign a very low probability to the
first edge in the model. This would cause a great number of simulation runs to
abort before actually performing the simulation. It is therefore necessary to:

Correct syntactic errors in the result models

These errors are caused by InWoLVE, and might very well be solved in the next
version. Therefore will not give this requirement priority at this stage.

Figure 3.6: Erroneous structure in model es3
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Mining model es29 with insufficient traces: problems in recognizing the cor-
rect results

This and the next experiment simulate working on a young growing system. In this
scenario there will most often exist too few traces to perform a reliable mining for a
model of a certain complexity. We conducted the experiments by starting with the
mining on one trace, and then increased the number of traces step by step. For each
step we performed the whole process of Workflow Mining up until the decision for
one result.

The mining of model es29 showed the interesting effect that only two traces were
sufficient to produce a model from which one could deduce the final result. The
only weakness of the model was that all loops were rolled out.

Beginning with ten traces we then received the correct result, including accurate
handling of the loops. However, the calculation didn’t stop at this model, but in-
stead continued and produced overly specific results again. Only when working on
more than two hundred traces did INWoLVE reliably stop at the correct solution.

The only worthwhile conclusion from this experiment is that the decision for the
correct result is even harder when performing the mining on a very small number
of traces. Neither this observation nor the fact that loops aren’t reliably recognized
when only few traces are mined can be used to deduce a requirement.

The surprising fact that only two traces were sufficient to mine all paths of the
model brings us to the conclusion that the chosen model was too simple for this
type of experiment. We thus decided to once again use model es26, because of its
complexity.

Mining model es26 with insufficient trace: reliability of results

With this experiment we wanted to apply the scenario of the last experiment on a
more complex model.

The first consequence of the higher complexity was that all calculations with less
than five traces resulted in overly complex models without any recognizable struc-
ture. Mining more than five traces produced well structured results that already
resembled the actual model. However, some paths were missing, probably because
they just hadn’t been visited in the first few traces. The results of the next incremen-
tal steps between 20 and 100 traces contained these paths, but were too complex,
since loops and decisions were badly recognized. Only the use of 500 and more
traces reliably led to the solution.

This leads to two conclusions. One is the need for a measure for the reliability of a
current model. The measure should in some way estimate the risk that an important
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path has been missed, thus giving an indirect measure for the maturity of the mined
system. We will discuss ways of achieving this goal in sedtioh 4.5.

Develop a measure for the reliability of a model in view of the risk of
having missed important paths.

The second conclusion is that when we are dealing with very low numbers of sam-
ples, an increase of samples will not always lead to better results right away, but
instead will only add complexity at first. Although this conclusion is interesting
for the methodology of Workflow Mining, we see no way in which a tool could
influence it.

The two characteristics we observed during this experiment are of great relevance
for the work on real systems, where some activities might only happen once every
year. The requirement for a reliability measure should thus be assigned a high
priority, even though a “normal” user won't put it at the top of his wish list.

Mining model es14: dealing with the restrictions of InWoLVE

As already mentioned in sectipn 23.4 some models can’t be learned because of
restrictions in the currentimplementation of INWoLVE. An example of this is model
esl14 where the result of the mining process is especially poor, as shown in figure

B3

The problem in this situation is that a user will notice from evaluation of the result
models and the other measures proposed by us in this section, that the result of
the mining is of very low quality. Because he doesn’t know that this is not due
to a wrong setting of his parameters, but a shortcoming of InWoLVE he will then
continue to modify the settings, and probably give up in frustration after a number
of tries.

In this situation it would be sufficient to signal the user that it is impossible to
obtain a correct result for the processed log-file. This is not possible, however,
because there exists no special symptoms that indicate this special case. Therefore
we cannot state any requirements that address this problem.

3.2 Evaluation of other workflow mining tools

In this section we give a short overview of other tools in the research area of work-
flow mining. Every tool and its underlying concept is introduced, and evaluated in
regard to its support of interactive workflow mining. We are interested in concepts
we missed as well as in ideas for meeting the requirements we found in the last
section.
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Figure 3.7: Results of learning model es14

Since the mining process itself is embedded in an iterative development cycle as
shown in figur¢ T]1, another interesting aspect for us is, in how far tools can support
iterative improvement of workflows in a real world scenario.

3.2.1 The Audit Trail Mining Tool (ATMT)

Maxeiner, Kiispert and Leymann propose the usage of Workflow Mining for par-
tially automated construction of process modgls [MKLO01]. In their approach a
WFMS is run in a special fashion to acquire first workflow traces, or as they call
it, audit trails. In the course of their work they developed a first implementation of
their concepts in form of the Audit Trail Mining Tool.

The first step in working with the ATMT is to choose the data to be used for the
mining process. In contrast to the INWoOLVE tool, ATMT directly accesses the
database of the WFMS. This seems to be a good way to implement a direct co-
operation of a workflow mining and a workflow management system. One must,
however, take into account that this type of interface has to be implemented sepa-
rately for every WFMS, because every system features its own database structure.
We won't state this feature as a requirement for our tool at this point, because in
our opinion it is rather an advanced feature, and can be neglected at this stage.
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When the user has chosen his data source he is presented with some statistics about
the log-file, rather similar to the ones we proposed in seffidn 3.1. The user then has
the possibility to choose a subset of the data according to timestamps, and to set a
parameter similar to theoiseLevel in INWoLVE which controls a mechanism for
cleaning the data from erroneous traces.

After starting the tool the user has to wait for the calculation to finish before he can
import the resulting model into the WFMS of his choice. In the scenario described
in the paper the model is then further improved and corrected by the user, before it
is used as basis for the next iteration.

In summary, ATMT offers roughly the same level of support for interaction with
the user as INWoLVE. The user can control the mining itself only through a set of
parameters and then has no further possibilities of influencing the outcome of the
calculation. The improvement of the resulting model in the WFMS used to display
it, is not in the focus of this work since it rather belongs to the area of workflow
design, and can be provided by any of the currently available WFMS systems.

3.2.2 Balboa

The balboa system introduced by Cook and WoIf [CW9$8a, CW98b] is designed
as a framework for Workflow Mining applications. Apart from an architecture
that allows abstraction from the actual data-sources and tools for the management
of this data - both of which are not of direct interest to our work - the current
distribution of balboa also includes tools for the analysis of the log-data.

The first method for analyzing log-data is the actual Workflow-Mining, provided
by the so called process discovery tool and a visualization component, the process
model viewer. Both components are only frontends for command-line tools, and
offer no more support for interaction than INWoLVE or ATMT. Especially annoying

is the fact that the process model viewer offers no means of moving vertices around,
or modifying the layout in any other way. This deprives the user of the possibility
to adapt a layout to his needs and thus makes it more difficult for him to understand
the displayed model. To avoid this problem we declare an additional requirement
for our layout component:

The user must be able to modify the layout of the models in the display
component.

Although the process discovery tool is the only tool beside INWoLVE able to work
on class two problems, we found no special requirements resulting from this fact.

The second means of analysis is the validation of an execution trace against a
model, representing the only approach that we found in any of the tools to esti-
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mate the quality of a mined model. The result of the validation is a measure for the
correspondence of the model and the trace. To achieve this the tool compares the
expected event stream and the execution event stream, and calculates how many in-
serts and deletes would be necessary to remove the differences. During this process
every action is weighted, for example an insert may be awarded a higher penalty
than a delete, because an important event might be missed.

Interestingly this definition of validation implies that a difference between the

model and an execution trace is generally acceptable. In our opinion, however,
if a trace cannot be validated against the model either the trace is wrong, or the
model is still incomplete. On this basis even one difference between model and
trace seems unacceptable, since it might indicate an important error in the model.

Apart from this conceptual difference two other aspects of this implementation
kept us from adopting the approach for our tool. First a measure based on only
one trace is in our opinion not reliable enough to convey any significant meaning.
Second, and more important the comparison is based on an “ expected behavior of
the model”. How this behavior is defined in respect to parallel paths and loops in
a model is not specified. Thus the result of the validation depends for example on
how many times we expect a loop to be processed, i.e. on a random assumption.

3.2.3 MiMo, Little Thumb and EMIT

With MiMo ( Mining Module ) [Med], Little Thumb [WydAQ1] and EMIT (En-
hanced Mining Tool)[MeM] the research group around Wil van der Aalst has imple-
mented three different workflow mining algorithms. All tools are based on petri-net
technology, and work on class one and three scenarios. Despite the very different
appearance of the tools, they basically all share the same workflow that consists of
successive execution of the mining step and an optional display of the results.

While Little thumb doesn't feature a visualization component, EMIT can present
its results using a static display. Even though this display component doesn’t have
any interactive features, it is still interesting because of its clustering mechanism.
In contrast to the other tools EMit displays actions as two vertices, representing the
start and end of the action. In its display component those two vertices are grouped
to show their relation, as shown in figyre]3.8. Although we display actions in one
vertex, the visualization method itself might be interesting for structuring large
workflow models, for example by grouping the vertices in a split/join block. It
could be even more useful if the resulting clusters could be folded and unfolded.

Provide graphical clustering of substructures (e.g. a split/ join block) in
order to increase the readability of models. An advanced feature would
be the optional folding and unfolding of the clusters.
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Figure 3.8: Clustering in the EMIT visualization component

MiMo is implemented as a module of the EXS[BE[EIOL and uses the display ca-
pabilities offered by its framework. During the evaluation of the tool, we found no
aspects of it with relevance to our work.

3.2.4 Conclusions

In summary we note that none of the existing Workflow Mining tools is designed
for a high grade of interaction with the user. In most cases the only interaction
of the user is the setting of the parameters. Apart from the mining component
most tools only offer an additional display component that can be called optionally.
Only balboa offers any further possibility of analyzing the mined model, in form
of its validation component. Working with these tools thus consists of successive
repetitions of mining and evaluating the result.

One reason for this fact is that all of the tools introduced in this chapter were mainly
developed as a proof of concept for the corresponding mining algorithm. They
were not designed for usage in a real world scenario. The second reason is that the
additional complexity of INWoLVE caused by the processing of logs of complexity
class two and four induced many of the requirements we found in s¢cfion 3.1. Itis
only logical that tools that don’t face these problems offer no concepts to deal with
them.

1ExSpect is short for EXecutable SPECification Tool and is a trademark of Deloitte & Touche
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3.3 Relevant techniques from Data Mining

In this section we evaluate the related research area of data mining for ideas and
techniques that might be applied in our scenario. We start this section by determin-
ing the position of workflow mining in the data mining process. This information

is then used to narrow our search for techniques down to the most promising ones,
which are then evaluated in respect to technical applicability. Finally we test some
tools for support of interactive processes.

3.3.1 Sorting workflow mining into the data mining process

In this section we try to fit the workflow mining technique into the more general
context of data mining using tf@Rossl ndustryStandardProcess for Data Mining
(CRISP-DM) [Rei02]. The typical life cycle of a data mining project is shown in
figure[3.9. It consists of six phases that will typically be performed more than once,
and not necessarily in the sequence shown in figufe 3.9.

Businass ===
understanding g undarttnndlng

pmparatiun
Deployment
Modellng

Evaluation

Figure 3.9: Phases of the CRISP-DM reference model

In the following, we outline each phase briefly, and state its relation to our work.
Business understanding

The focus of this initial phase lies on understanding the project objectives and
requirements from a business perspective. This knowledge is then converted into a
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data mining problem which can be solved with existing methods.

In our case this task has been solved by the researdhers JiHer01, MKLO1, €W98b,
VdAWMOZ] who realized that data mining can be adapted to work on workflow
logs. Itis thus of no more interest to us.

Data understanding and Data preparation

In these two phases the data is collected and analyzed in respect to quality problems
and structure, before it is prepared for the mining process. These tasks include
a visual evaluation of the data, table, record, and attribute selection as well as
transformation and cleaning data for modeling tools. Finally the data may have to
be converted into the right format.

The problems that arise in data mining during this phase don't apply to our sce-
nario.

Modeling

In this phase modeling techniques ( e.g. decision trees ) are selected and applied
and their parameters are calibrated to optimal values. Typically, there are several
techniques for the same data mining problem type.

Although we only use one modeling technique, namely the workflow mining algo-
rithm introduced in[[HerQ1], the other tasks in this chapter are very important in
our scenario. Therefore we will evaluate this phase in detail in the next section.

Evaluation

The starting point for this phase is a model that appears to have high quality from a
data analysis perspective. The key objective of the evaluation phase is to establish
that no important data has been missed during the creation of the model. At the end
of this phase, a decision on the use of the data mining results should be reached.

This phase corresponds to the decision phase in our mining process. The definition
addresses a problem similar to our above stated requirement for a measure for the
reliability of a result. We will therefore address it in more detail in the next section.

Deployment

In the deployment phase the result of the mining process is put to use by the
customer. It often involves applying live models within an organization’s deci-
sion making processes, for example in real-time personalization of Web pages or
repeated scoring of marketing databases. The complexity of this task may vary
greatly depending on the objectives.

Even though this phase has already been processed in real world applications of
INWoLVE, it has not yet been thoroughly analyzed, and is not within the scope of
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this work.

In summary the two most interesting phases for us seem to be Modeling and Eval-
uation. In the next section we will present the known problems in these areas, and
evaluate the techniques used to solve them.

3.3.2 Evaluation of relevant techniques
Modeling

According to CRISP-DM the modeling comprises the following tasks:

1. Select modeling technigue
2. Generate test design
3. Build model

4. Assess model

Tasks one and three are addressed in depth in other research jpaperd [Her01, Y@a}DH
A modeling technique that has proved to be closely related to our own, is the learn-
ing of decision trees. Especially problems of interactivity and presentation during
this process are similar to the ones we encountered. Therefore, we will later on
evaluate a tool that implements this feature.

The generation of the test design can be seen as a preparation for the assessment
of the model in task four. For example, in supervised data mining tasks such as
classification, it is common to use error rates as quality measures for data mining
models. Therefore the test design specifies that the dataset should be separated
into training and test set, the model being built on the training set and its quality
estimated on the test set.

During the assessment of the model the following techniques can be applied:
e Testresult according to a test strategy (e.g.: Train and Test, Cross validation,
bootstrapping etc.). We receive error rates as a measure for the reliability.
e Create ranking of results with respect to success and evaluation criteria.
e Get comments on models by domain or data experts.
Only the first two techniques are relevant for use, since we are looking for software

concepts ; although the knowledge of domain experts is certainly valuable if you
can afford to pay for it.
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The calculation of error-rates seems to be a very good way in order to receive a
negative estimation of a model’s quality. Together with the positive measure of
success criteria, in our case the LLH, it should give us sufficient data to estimate
the reliability of a result.

Implement calculation of error-rates for the models as one possible so-
lution for a measure of a model’s reliability.

We already stated the requirement for a ranking of the results in sgcfjon 3.1, there-
fore this requirement needs not to be treated at this point.

Evaluation

In contrast to the previous evaluation steps this one assesses the degree to which
the model meets the business objectives and seeks to determine if there is some
practical reason why this model is deficient. This work currently has to be done by
the workflow mining expert with the help of domain experts, because it requires
knowledge that is not logged in the system.

All we can do is to think about ways to support the expert in this work. A first step
might be a comparison of a designed workflow with the result of the mining step
in order to better estimate the differences. This requirement was already stated in
an early section.

Additionally one might wish to see the log entries that induced a certain action
in the workflow. This would make it easier to explain differences between the
modeled and the real workflow. Since these aspects are not in the core focus of this
work we won't treat them with a high priority.

Implement a method to show the log-entries that caused a certain activ-
ity.

3.3.3 Tools

In this section we first take a look at CAR[T [$ys], a tool specialized in learning
decision trees. As we mentioned above, the problem of interactively learning trees
is interesting for us, because it addresses similar problems as Workflow Mining.
As a second tool we evaluate SPSS 11.5 as a substitute for the class of complete
data mining tool kits.
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CART

CART is a sophisticated data mining tool specialized on decision tree learning.
Especially interesting for us is the so called Navigator window shown in figure
.10, which enables a user to browse through the results of a calculation. This
display method meets the requirement of CRISP-DM to create a ranking of results,
and at the same time it can be used to implement a history of the calculation.
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Figure 3.10: The CART Navigator dialog

Although interactivity in CART only consists of choosing a result after the calcula-
tion is finished, the design of its Ul still points into the right direction. A component
similar to the navigator can be considered a useful addition to a workflow mining
tool. Therefore we state the following requirement as a suggestion for the design
of the GUI for a workflow mining tool:

Implement the requirement for a ranking of the results that induces an
order on the results, similar to the Navigator dialog in CART.

SPSS11.5

As a representative for the many available data mining tool kits we chose SPSS for
two reasons. The first is that since the company participated in the development
of CRISP-DM the product should meet the requirements stated there. The second
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reason is that in contrast to the main competitor Clementine and SAS Enterprise
Miner there exist trial versions of SPSS 11.5.

We started the evaluation by following the examples in the tutorial and then tried
to experiment with the software. The results of the evaluation were disappointing.
Neither is there explicit support for the CRISP-DM process, which would have nar-
rowed our search, nor did we find any special support for interactive work during
the mining process.

Due to the enormous complexity of the toolkit it wasn't possible to evaluate all of
its functionality. By following the tutorials we tried to get a general impression of
the tool. It might be possible that we missed some decisive feature in this process.

3.4 Summary of requirements

In this section we group the requirements that we gathered in the last few sections.
Additionally we sort them according to their importance from a user’s point of
view. We introduce priorities from P1 to P3, where P1 is absolutely necessary,
P2 is important and P3 stands for a “nice to have” requirement. Additionally we
grouped the requirements according to which problem is addressed by them.

In summary an interactive workflow mining tool has to meet the following require-
ments;

1. Support efficient work with the tool.

P1 provide a display component as an integrated part of the tool
P1 display intermediate results as soon as they appear

P1 enable the user to alter the parameters of a calculation, or to cancel the
calculation altogether

P3 the tool should be able to interact with a workflow application; a very
efficient possibility would be direct access to the database of a work-
flow system

2. Support the user in understanding the results of a calculation.

P1 develop a special layout component that implements the following fea-
tures :

— the layout of successive models contains as few changes as possi-
ble; the ideal solution would provide the following features:
* vertices that exist in both models don’t change their position

x new vertices are inserted in the way that causes the least changes
in the model
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x only edges that are connected to vertices that changed their
position may be changed

— the layout must convey the structure of a workflow by:
*x emphasizing the structure implied by the syntax of our mod-
eling language

* Substantiate the structure by eliminating random influence
P1 user must be able to modify a layout in the display component
P3 syntactic errors in the result models are automatically corrected
P3 large models can be clustered in order to make them less complex
P3 provide method to show the log-entries that caused a certain activity

3. Support the user in the decision for a final result.
P1 develop a measure for the reliability of a model, possibly based on the
calculation of error-rates

P1 show LLH and search tree structure for the model

P1 offer possibility to automatically compute and display the differences
between two models.

P2 provide a tool to estimate the semantic similarity of two models
4. Support a smooth workflow especially during work on complex models.

P1 provide a clearly arranged overview of the models in a way that:
— distinguishes the models from one another
— ranks the models according to their history
— allows direct access to the models
— resembles the CART Navigator dialog
P1 provide possibility to undo unsuccessful calculations

P1 manage configurations in a way that they can be associated with a cal-
culation

P2 it should be possible to work on projects using the following features:

— it is at any time possible to save the current state of a project,
including all results that have been calculated up to that time

— likewise it is possible to restore any saved project



Chapter 4

Concepts

Some of the requirements that we collected in the last chapter are only implemen-
tation issues. These will be addressed separately in cgpter 5. In this chapter we
look at those requirements that first have to be analyzed in order to find concepts
for their solution.

4.1 Support of a smooth workflow in the mining process

In this section we introduce our concepts to support a smooth workflow during the
mining process. In detail we have to meet the following requirements:

1. provide a clearly arranged overview of the models
2. manage configurations in a way that they can be associated with a calculation
3. provide the possibility to undo unsuccessful calculations

4. implement project support

Of these requirements the fourth is only an implementation issue and will not be
explained in depth.

To fulfill the first requirement we must also take into account the functional re-
guirements that we deduced during the requirements chapter, namely the overview
concept must distinguish the models from one another, rank them according to their
history and allow direct access to any model.

During the evaluation of the Data Mining tools in sectjon 3.3.3 we realized that
the navigator component of the CART tool addresses all of these aspects. Thus we

41
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decided to place a component in the user interface that depicts the results similarly
to the CART Navigator dialog. To this end we need one property of the results for
each of the two axes in a diagram.

The property on the y-axis should be a measure for the quality of the result. Since
the LLH is the only such measure we currently have, this choice is clear. The
property for the other axis should identify the results. One possibility would be to
simply number all results as they occur, thus using time as the property for the y-
axis. The drawback of this solution would be that we would have a lot of repetition,
because the first intermediate results of most calculations are the same. This would
lead fast to an unmanageable amount of data.

We thus need an additional id, that distinguishes the results from one another. This
id can then be used to remove repeating results. Using the LLH is not possible,
since there may exist two different results with the same LLH. As a solution we dis-
tinguish the results by the path in the search tree through which they were reached
(see sectiof 2.3.5). Since sometimes there exists more than one path to a model
some results may still occur more than once, but according to their search history
they are not the same.

A screenshot of this component is shown in figure .11, together with the results
of the validation component that we will introduce in chapte} 4.5.

This still leaves us with the problem of managing the configurations that were used
to calculate the results. In this case the simplest solution also seems to be the best
one. We recommend associating each model with the first configuration that was
used to learn it. This way the user can choose a model through the component
described above, and then access the corresponding configuration.

With the association of model and configuration we also solve our last problem,
the undo function for complete calculations. It can now easily be implemented by
deleting all models that share the same configuration.

4.2 Support efficient work with the tool

We deduced the requirement to design the tool for efficient work from problems
that occurred during our work with InWoLVE. Considering that all of the functional
requirements which we gathered in this context can be solved on an implementa-
tion basis we won't list them here again, however, because these requirements are
basic guidelines for the development of a workflow mining tool, they are relevant
for some of the concepts introduced later in this chapter. In case one of the require-
ments influenced a design decision we will point this fact out.
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4.3 Layout - The MaximumRecognitionLayout Algorithm

The functional requirement for a special layout algorithm was stated as a part of
the requirement to provide support for the user in understanding the results of a
calculation. We decided to treat it separately, however, because of its complexity.

Thus we introduce in this section the MaximumRecognitionLayout algorithm, which
was developed according to the requirements described in s¢ctipn 3.4. Based on
these requirements we are faced with two separate problems to be solved by the
layout algorithm.

1. generating a well structured layout for the workflow model, that helps the
user in understanding the described workflow

2. generating layouts for successive results with maximum similarity.

The first problem is currently only addressed by tool manufacturers, under the as-
pect of layouting a manually created workflow model for demonstration. However
the layout produced by the tools we evaluated was in no case as structured as we
would wish. Due to the management background of many of these tools, they
rather offer a good looking first suggestion of a layout, that can then be fine tuned
for presentations.

Not surprisingly, the only solution working on the same data model as we are,
is the one provided by the ADONIS tool, which already has proven to be quite
insufficient for our special requirements.

The second problem has already been investigated by a number of authors [BETT94,
Bra01], and we will give a brief overview of the current state of the art in this re-
search area in the next chapter. During the final assessment of those methods we
will show that none of the existing algorithms can be applied to our problem im-
mediately, because of our basic conditions.

As a consequence of the two problems just mentioned and their implications for a
possible implementation, we decided to develop a special layout algorithm to suit
our needs.

We will introduce the developed algorithm, by presenting the basic principle of the

algorithm in section[ 4.3]2. We then develop concepts from our requirements in
section[4.3]3, as a basis for the explanation of the algorithm in chapterg 4.3.4 to
4338.

Finally we try to estimate how well the developed algorithm meets the require-
ments.
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4.3.1 Dynamic Graph Layout - State of the Art

The ad hoc solution for dynamic graph layout is to use a static layout algorithm,
and just animate the transition from one layout to the fext[DGKO01].

As Diehl, Gorg and Kerren already pointed dut [DGKO01], this approach has some
serious drawbacks. The layouts of two successive graphs may confront the user
with two completely different results, even if only some small changes occurred.
The fact that the user can see the transition between these two layouts doesn’t
support him in keeping a “mental map” of the graph [ELMB91]. This is however
exactly what we need to do, in order to fulfill the requirement of recognizability.

Another simple approach to the problem is to forbid changes to vertex positions,
once they have been placdd [Brh01]. It is obvious that using this approach we
would not be able to maintain any structure in the layout when new vertices are
inserted. This conflicts with our requirement for a concise and well-structured
layout.

Out of the vast number of layout algorithnis [BETT94] we are only interested in
those with a special capability for dynamic layout. We will try to give a brief
overview of the different approaches in this field, and evaluate them with respect
to our requirements. Finally, we will explain why none of the existing algorithms
is sufficient to solve our dynamic layout problem.

Incremental Layout

One possibility for layouting successive graphs is to take the layout of the preced-
ing graph as a basis for the new layout.

North proposes a method where the relation between two layouts is made by build-
ing the graph step by step [No96]. To this end the algorithm accepts changes only
as elemental insert or remove operations of vertices and edges. It then tries to find
an appropriate adaptation of the layout for each change. For example the inser-
tion of a vertex might best be solved by introducing a new level into the graph and
putting the new vertex in that level.

A similar approach is proposed by Miriyala, Hornick and Tamassia, but with a
special focus on the “orthogonal graphic standafd” [BETT94], where edges are
only drawn rectangularly. The special problems that apply to this approach are
only of little interest to us.

The algorithms of this class seem promising for our project. They are however all

based on incremental changes that don’t occur in our data model. Because every
model is the result of a transformation as mentioned in selcfion 2.3.2 we are instead
presented with completely new graphs for every change. This means, that in order
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to apply one of the above mentioned algorithms we would first need to calculate the
differences between two graphs, and then split them up into the allowed operations.

In conclusion we note that the class of incremental layout algorithms holds promise
for our application field, but can’t be applied in the implementation without putting
further work into our data model.

Foresighted Layout

A completely different approach to dynamic graph layout is to calculate a “global”
layout, which induces a layout for each of the n graphs, as proposed by Diehl et
al. [DGKQ]]. The special characteristic of these layouts is that neither the edges
nor the vertices change their positions in the subsequent graphs. In order for this
to work, the layout algorithm needs to know the “future” of the graph, that is the
next n-1 changes.

Obviously this need for the future to be known is the drawback of the proposed
method, since it makes online layout near to impossible. Another problem spe-
cial to our approach is, that the changes are not presented step by step as taken
for granted by Diehl[[DGKQO1]. Instead we get whole graphs from our algorithm,
and would thus need to use a search algorithm, in order to find the corresponding
vertices of the same name in the subsequent graphs. Of course we may hope that
in most cases the predecessors or successors may distinguish the vertices from one
another, but in graphs with long paths this may be an expensive calculation.

Another possibility would again be to calculate the differences between two graphs,
and feed them to the algorithm as elemental operations. As already mentioned
above, this task is a whole new problem in itself, especially since it would require
the implementation of another search algorithm.

Furthermore the results for the first few graphs in a long series may look a bit
strange, since edges flow around vertices that are not yet visible, and vertices are
scattered all over the drawing area. An example of this is shown in figufe 4.1

The reasons mentioned above lead to the conclusion that the proposed algorithm
doesn’t meet our requirements. Especially the requirement of layouting the results
during the calculation conflicts with the need to have all results at hand. We might
try to calculate a global layout while still receiving new results. However, this
would mean that the layout would change with every new result, thus destroying
the advantage of this approach altogether.

Despite the drawbacks of this approach for layouting the results during the calcu-
lation, it could be used when the calculation has finished, or when a user wants to
review all results up to the current one. In this case the algorithm should provide
much better layouts than the MaximumRecognitionLayout algorithm ever could.
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Figure 4.1: An example of foresighted graph layout.

Other approaches

A method for visualizing the effects of split and merge algorithms on a graph is
introduced by Robbins, Jeffery and Robbins [RJIR00]. It includes a layout mecha-
nism that is optimized for dealing with the changes that may occur when applying
a split or merge operation. As promising as this may seem, given that the nature of
the SplitPar algorithm is that of a split algorithm, we still can’t use it in our appli-
cation. As mentioned in sectipn 2.B.2 the SplitPar algorithm doesn’t split vertices
of our graph. It works on the log data, where a split of one example might imply a
lot of changes in the graph. For obvious reasons this multitude of possible changes
wasn’t taken into account during the development of the algorithm.

Assessment

As we have seen above, for technical reasons none of the currently existing meth-
ods can be used to solve our dynamic layout problem right away. Furthermore,
most of the introduced approaches only deal with the changes, and still need a static
algorithm to perform the basic layout. This implies that we would in any case need
to design an algorithm that can convey the structure of the business model to the
viewer. For this reason we decided to develop an algorithm that can deal with the
dynamic aspects of the layout, and at the same time provides a static layout fit for
workflow models.

To this end, we will in the following chapter develop concepts for a new layout
algorithm. For the mentioned reasons this algorithm will neither use incremental
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nor foresighted layout techniques. It will thus basically be a static layout algorithm
that will try to find a change-resistant layout with the help of a well defined set of
constraints. This is possible because we can make use of the restrictions imposed
on the graph by the ADONIS definition language, as described in se[cign 2.4.

4.3.2 Basic principle of the MaximumRecognitionLayout algorithm

As with a lot of layout algorithmdJBETT94] we will divide the layout area into
levels and columns, and try to find the best positions for the vertices. This process
can be split into three steps

1. Calculating the level for each vertex
2. Setting the column for the vertices

3. Refining the layout in respect to edge-crossing and overlapping

These three steps are described in the chajpters] 4.8.419 4.3.6. During these steps
we need to take into account the requirements defingd in 3.4. In order to do this in

a well-defined way, and prevent misinterpretation of requirements, we first deduce

a set of rules from the requirements in secfion 4.3.3, and build our design decisions
on this rule set.

During the next few chapters the algorithm is described based on a vertical layout.
In order to better describe the layout process we will then use left, right, up and

down to describe the location, although one could easily change the orientation by
swapping columns and levels. Furthermore although the models don’t represent
trees, we chose to call the different paths in the graph branches, since it better
conveys the intended meaning. For an explanation of the special semantic implied
by the different vertex types in ADONIS see the short explanation in s¢cfibn 2.4.

4.3.3 Deduction of a set of rules for the algorithm

In this chapter we will deduce a set of rules from our requirements stated in chapter
[3:4. We will try to create a direct link between one requirement and the rules used
to fulfill it.

Requirement: change resistance

In detail the requirement for a change resistant layout consists of three functional
requirements:



48 CHAPTER 4. CONCEPTS

e vertices that exist in both models don’t change their position
e new vertices are inserted in the way that causes the least changes in the model

e only edges that are connected to vertices that changed their position may
change

Each of these requirements is based on dynamic information, e.g. the differences
between a model and its predecessor. Since we decided for a static approach we
have no access to this kind of information. As a consequence, we can only try to
provide a good approximation of these requirements.

To this end we will in this and the following sections state rules that define the
correct layout very exactly, and thus guarantee a maximum resemblance of the
business process models.

Furthermore there is one aspect of the changes that we can deal with. A very
common change between two successive models is the introduction or the removal
of a loop respectively. The ideal way to deal with this change is to ignore the loops
during the calculation of the layout. To this end we introduce the following rule:

R1 Ignore edges that are part of a loop during the calculation of the layout.

How these edges can be located will be explained in seffion 4.3.4. The located
edges can then be drawn after the calculation of the layout has been finished.

Unfortunately, in most cases the introduction of a loop into a model is accompanied
by other changes like the vanishing of the vertices in an until then rolled out loop.
Nevertheless the above mentioned rule has proved to be effective in preventing
changes, as may be seen in figlire] 4.6.

Requirement: emphasize the structure implied by the syntax of a workflow

When we stated this requirement in secfion 3.1.2 we listed in detail what functional
requirements have to be met in order to fulfill it. We will now deal with these
requirements step by step, and explain how we can meet them with our rules.

We start with the requirement to place the process start- (stop -) vertex above (be-
neath) the other vertices. This requirement can obviously be translated directly into
the following two rules:

R2 The process start vertex is always placed in the top level.

R3 The process stop vertex is always placed in a separate level below all other
levels.
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The next requirement was that the branches of a decision vertex should be easily
distinguishable. To this end we introduce rule R4:

R4 Each branch of a decision is treated as a separate substructure with the maxi-
mum with of the branch.

Thus if one branch has a breadth of three columns, all vertices in the next branch
can only be placed in column four and above. Thus we effectively separate the
branches.

Finally we stated the requirement that a split / join block has to be treated as a
separate subgraph. To this end we adapt the rules R2, R3 and R4 for usage in split
/ join blocks and state the corresponding rules R5,R6 and R7:

R5 The split vertex is placed in a level above its successors.
R6 The join vertex is placed in a separate level below those of its predecessors.

R7 Each branch of a split is treated as a separate substructure with the maximum
with of the branch.

The third part of the requirement demands that a split/join block is treated as one
vertex, and should not overlap with external structure. Overlapping can only occur
if the split is either nested in another split/join block or if it is placed in one branch

of a decision. Because of rules R4 and R7 it is in both cases guaranteed that the
block gets its width reserved, and can’t be overlapped by external structure.

Requirement: eliminate random influence

Another requirement was to eliminate random influence on the layout. In order to
achieve this we need to specify rules for those aspects of the layout that are as yet
unspecified.

The first unspecified aspect are the columns in which to place the process start and
process stop vertices. In case of the process start vertex we are free to decide for
a position, thus we choose the first column ( from left to right ). Because this is

a trivial task we don't state it as a rule. We will deal with the process stop vertex
later in this section, because its placement is important for the conciseness of the
layout.

Next we need to decide where to place the decision and split vertices: either cen-
tered between its branches or to either side of them. Like the placement of the
process start vertex this is only a question of taste. This decision can safely be
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left to the implementation, on condition that the placement for one vertex type is
always the same.

The last aspect of the layout that is as yet undefined is the ordering of a decision
or split vertices’ successors. To eliminate this randomness we state the following
rule:

R8 The successors of split and decision vertices are sorted according to a well-
defined key.

Of course there are several possible choices for the key of this ordering;

1. the length of the path to the corresponding join, or, in the case of decision
vertex, to the process stop vertex

2. the probability of the path
3. the type of the vertex

4. the name of the vertex, or a generated identifier

For an implementation of the first key we would need to perform a calculation
for every path. In large models this might lead to poor performance. The second
possibility works only for decision vertices, and some special cases where branches
of a split are marked with a probability. In contrast the data that is needed for the
third and fourth key is statically available for every vertex.

Therefore we propose the usage of a combination of the third and fourth key. More
details on this follow in sectiof_4.3.4.

A disadvantage of rule R8 is that after its application the most common solu-
tions for minimization of edge crossing and overlapping cannot be be applied any
more, because these methods work by changing the position of a vertex in its level

[BraQl].

Requirement: concise layout

Since every part of a graph that is not visible because of overlapping is lost in-
formation for the user, it must be the goal of every layout algorithm to produce a
concise layout. This general requirement has to be dealt with in addition to the
requirements we stated in sectfon]3.4.

Since we can only deal with this requirement within the restrictions imposed by
the rules stated above, we only found two approaches to fulfill it:
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The first method concerns edges overlapping vertices. This is the worst fault, since
the vertices are the main carrier for information. As mentioned above we cannot
apply the common solution of moving the vertices in a level in order to reduce edge
crossings, because of rule R8. As a compromise we resorted to drawing the edges
around intermediate vertices. An example of this may be seen in figufe 4.5.

R9 Edges are drawn around intermediate vertices

The second approach is to place the stop vertex in the way that promises the least
possible edge crossings. We therefore state rule R10, although it is somewhat in
contradiction to the requirement for elimination of random influence on the layout.

R10 Place the process stop vertex in the way that promises the least possible edge
crossings.

4.3.4 Arranging the vertices in levels

The algorithm starts by sorting the vertices into levels. This is done using a breadth-
first search[[Sch97] on the graph. During this search we number the vertices in the
order that they are visited, and assign them their levels. The result of this step is
depicted in figurg 4]2. In this step we realize the rules R2, R3, R5, R6 and R8, as
described in the next few paragraphs.

Rule R2 is automatically fulfilled by using the process start vertex as first vertex in

the breadth-first search. We just assign it level number one, and all other vertices
will be placed in subsequent levels. In the same way rule R5 is automatically

fulfilled, since all successors of a split vertex are automatically placed in a new

level.

In order to fulfill rule R6 we need to make sure that the level of a join vertex is
set via the longest path towards it. We accomplish this by adjusting the level of
the join vertex every time when it is reached over a longer path. Thus, instead of
stopping a calculation path when hitting a visited vertex, we check if it would put
the vertex in a deeper level.

In some cases the successor of the join vertex may already have been run through
the algorithm. This would mean that the join vertex is placed in a lower level than
its successor. In order to prevent this we need to modify all vertex levels that were
calculated on the basis of the old level of the join vertex. We can do this by again
adding the join vertex to the queue. In order to prevent endless iterations, we need
to make sure that during a recalculation of levels only those paths are used that
were used to set the level during the first calculation. This can simply be achieved
by remembering the predecessor when setting the level for the first time.
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Figure 4.2: Result of organizing the vertices into levels.

This special treatment of a join vertices is the reason why in figur¢ 4.2 the join
vertex (number nine) is located in level six instead of level five.

After calculating the levels for all vertices we make sure that rule R3 is fulfilled by
putting the stop vertex in a separate level, if it isn’t placed in the deepest level.

Finally it is easy to modify the breadth-first search, to process the children in sorted

order, thus implementing rule R8. In the prototypical implementation we used the
following order:

e The different vertex types are ordered by the following priorities:

1. split vertices
2. decision vertices
3. action vertices

e Join vertices are placed in the same column as their corresponding split ver-
tex.

e Process start and stop vertices have a level of their own, hence they don't
need a special priority.

e Two vertices of the same type are compared by a generated string identifier.
In the case of an action vertex the identifier is its description, and in the case
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of split and decision vertices the type and the description of their successors.
If this identifier is equal, the comparison can be stretched to the next level.

In listing [4.] you can see an implementation of this part of the algorithm in pseudo-
code.

Listing 4.1: Sorting the vertices into levels

Procedure calculateLevels(Vertex rootVertex);

levels[rootVertex] = 0;
queue .add(rootVertex);

while queue not empty
currentVertex = popFirstElement(queue);
children = getChildren(currentVertex);
sortVertexArray (children);

for each childVertexe children
if not visited childVertex
levels[childVertex]= levels[currentVertex] + 1;
{ set the predecessor to the vertex that sets the
depth for this vertex }
childVertex.predecessor = currentVertex;
enqueue (childVertex);
mark childVertex visited;
else
{ set stop and join vertices according to longest path }
if levels[childVertex] < (levels[currentVertex] + 1)

{ join vertices can be pushed deeper by any vertex
normal vertices can only be pushed deeper by the
predecessor that set their level the first time }

if (currentVertex is JoinVertex)or
(childVertex.predecessor == currentVertex )

levels[childVertex]= levels[currentVertex] + 1;
enqueue (childVertex);

end if

end if
end if
end for

setRootVertexToLowestLevel ();

end while

This part of the algorithm is similar to Dijkstra’s algorithin [Sch97] for computing
the shortest path to the vertices in a graph, only that it's looking for the longest
path.
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4.3.5 Computing the column of the vertices

CHAPTER 4. CONCEPTS

The second important part of the layout algorithm is the calculation of the paths’s
width, and the assignment of the columns. For that purpose the algorithm traverses
the graph in a depth-first search, while recursively calculating the width of the
segments and setting their position at the same time. We will explain this step
in detail a bit further down. First we show the algorithm’s conceptual mode of

operation.

Figure 4.3: Schematic split of the graph into subgraphs during the calculation.

As you can see in figur¢_4.3 the algorithm starts by splitting the graph into sub-
graphs. The width of each of those subgraphs is calculated and passed on upwards.
You will find the width of a subgraph in the top left corner of the rectangle sur-
rounding it. The value it passes on is noted just above that. As you will see, the
first split has an internal width of two, but will pass on a width of three, thus setting
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the width of the left path to the correct value.

The goal of this step is to assign each path of the graph its maximal width, thus
implementing rules R4 and R7. For this calculation the following precepts apply:

¢ Avisited vertex always has a width of zero.

e The process stop vertex has an initial width of one.

e A normal vertex passes the width of his successor on. If the successor has
already been visited the vertex will return one instead.
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e A split vertex, its corresponding join vertex and all intermediate vertices are
seen as a separate subgraph. The algorithm first calculates the width of this
subgraph. Afterwards it starts the calculation on the join’s successor. It
then returns the maximum of the successor’s width and the width of the join
vertex.

e A decision vertex returns the accumulated width of its successors.

Figure 4.4: Calculation of width and position

We still need to set the positions of the vertices. It is obvious that this can be
achieved in the same traversing as the calculation of the width. For this purpose,
we only need to assign each vertex its column when the calculation of its width
starts. For children of decision or split vertices we need to increment this start
column with every processed child.

In figure [4.4 you can see a schematic depiction of this calculation. The arrows
pointing down are the positions, handed to the vertices by their fathers, whereas
the arrows pointing up represent the width of the respective vertex. Above the
arrows the chronological order of the steps is noted.

When taking a closer look at figuje }.4 you will notice that, after processing the
split, the sequence differs from that of a normal depth-first search. The reason for
this is the already mentioned special treatment of splits as subgraphs. In order to
provide this feature, we first calculate the width and position of all vertices between
the split and its join. We then return the maximum of the “internal” width and the
width of the join’s successor.
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By marking visited vertices we can locate and then ignore loops during this calcu-
lation, thus implementing rule R1.

In listing[4.3 we show a pseudo-code implementation of the algorithm.

4.3.6 Refinements

The goal of the final step of the layout algorithm is to implement a concept for
preventing edge crossings and overlapping of edges and vertices as far as possible.
To this end we will realize rules R9 and R10, as described in this section.
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Figure 4.5: Complete layout of the example graph

Our concept for preventing edges from overlapping vertices is to draw them around
intermediate vertices and edges. We can achieve this quite easily by looking at all
vertices that have an outgoing edge connected to a vertex in the same column, and
more than one level deeper or higher. All we need to do then is check if there exists
a vertex in an intermediate level. All the data we need for this step is the location

data computed in the previous steps.

We still have to implement R10, and find the placement for the process stop vertex
that causes the least edge crossings. Here we can make use of two special properties
of the layout algorithm. The first is that by using a breadth-first search for sorting
the vertices into levels, the vertices are 'pulled’ upwards, due to the “greedy” na-
ture of the algorithm. The second effect is, that by setting the column of a vertex
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according to the first edge connected to it when traversing in a depth-first search,
we push the vertices to the left.

Because of the first property of the algorithm the best position for the process stop
vertex is in the column of the shortest path connected to it. Like this we can be
sure that there is the least possible number of vertices direct above the vertex. The
second property leads to the conclusion that when there is more than one shortest
path, we take the column of the one furthest to the right.

One can observe this very nicely when comparing the layout of the graph in figure
[4:4 where the process stop vertex is positioned in the column of the longest path,
and the layout in figurg 4.5 where the vertex is positioned according to the shortest
path. In the second layout we averted the edge crossings present in the first one. In
some cases their still might occur edge crossings. For example a model might still
contain edge crossings if the shortest path contains a split with a large number of
paths.

The result of applying the complete algorithm on the example graph may be seen
in figure[4.5.
Listing 4.2: Calculating the width and setting the positions of vertices.

Function int setColumnReturnWidth(Vertex currentVertex,
Vertex fatherVertex,
int offset);

currentColumn = fatherVertex.column + offset;

if is visited currentVertex
if currentVertex.father.level >= fatherVertex.level
currentVertex.column = currentColumn;
currentVertex . father = fatherVertex;
endif

return O;
endif

currentVertex.column = currentColumn;
currentVertex.father = fatherVertex;

if currentVertex is ProcessStopVertex
return 1;
else if currentVertex is ActionVertexor JoinVertex
or ProcessStartVertex
childWidth = setColumnReturnWidth(currentVertex. child ,
currentVertex , 0);
return maximum(childwidth ,1);
else if currentVertex is DecisionVertex
children = getChildren(currentVertex);
totalWidth = 0;
currentOffset = 0;
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for each childVertexe children
totalWidth += setColumnReturnWidth (childVertex ,
currentVertex ,
currentOffset);
currentOffset += 1;
endfor
else if currentVertex is SplitVertex
correspondingJoinVertex = findJoinForSplit(currentVertex);
{ calculation will stop when it hits the join Vertex }
internalWidth = setColumnReturnSplitBlockWidth (currentVertex ,
correspondingJoinVertex);
successorWidth = setColumnReturnWidth (correspondingJoinVertex ,
correspondingJoinVertex . father ,0);
return maximum(internalWidth , successorWidth);
endif

4.3.7 Assessment

Since an intensive test of the algorithm is beyond the scope of this work we will at
this point provide a discussion of the degree to which the four main requirements
addressed in sectign 4.B.3 are met.

Requirement: change resistance

An application of the layout algorithm on the scenario from which we deduced our
requirements in sectign 3.].2 shows a perfect result. As we can see in figlire 4.6
the layout is totally resistant against the introduction of the loop.

This kind of change is the simplest example, because there occur no other changes
but the introduction of the loop. In some cases, however, the SplitPar algorithm will
produce successive models with completely different structures. It is impossible
for a static layout algorithm to perfectly deal with such extensive changes. An
example for this can be seen in fig{ire]3.5 where the SplitPar algorithm merged two
split blocks together in one.

In these cases the algorithm still provides the same layout for the parts of the graphs
that are contained in both results, but fails to keep the complete layout change free.

The only complete solution for this shortcoming would be the application of the
MaximumRecognitionLayout algorithm in a foresighted layout. However, as men-
tioned above, this only makes sense after all results have been calculated.
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Figure 4.6: es26 with and without loop

Requirement: emphasize the structure implied by the syntax of a workflow

This requirement is fully met. Of course it is somewhat subjective to begin with,
because another author might argue that a different structure would be better suited
for the given syntax.

One disadvantage of the algorithm is that by assigning each branch its maximum
width, it may in some cases produce a very drawn apart layout. This problem could
only be solved by sacrificing some of the clarity of the layout, which would be in
conflict with our requirements.

Requirement: eliminate random influence

This requirement is also completely fulfilled, apart from the placement of the pro-
cess stop vertex. As we explained in secfion 4.3.3 we decided to place the process
stop vertex in the position that promises the least edge crossings, and to thus accept
a certain randomness in exchange for a more concise layout.



60 CHAPTER 4. CONCEPTS

Requirement: concise layout

For most models the algorithm meets this requirement to our full satisfaction.
There exists however one problem that still needs to be dealt with:

Very long sequential paths are not displayed in a concise way. The algorithm sim-
ply puts all the vertices in one column and draws the edges around intermediate
vertices. If there exist many backward edges this results in a complex layout which
is hard to understand for a user.

We found no way to solve this problem within the restrictions imposed on the
algorithm by the other requirements.

Evaluation of performance

Since the MaximumRecognitionLayout works in a static way, it has to layout the
complete graph for each result, instead of only processing the changes like a truly
dynamic algorithm. This leads to a slightly lower performance on large graphs than
that of an incremental layout algorithm. This “weakness” is a direct result of the
basic conditions that forced us to implement the algorithm as a static algorithm in
the first place.

Conclusion

Despite the mentioned drawbacks the MaximumRecognitionLayout algorithm has
already proven its applicability during the work with the prototypical implementa-
tion. It should however be mentioned that applying a similar algorithm on a less
structured data model is bound to produce less satisfying results.

4.4 Supporting the user in understanding a model

In this section we develop concepts to support the user in understanding a workflow
model. This task is especially important when working with complex workflows
where even the original process model may be hard to understand. While the orig-
inal models are often layouted by hand for better understanding and contain addi-
tional documentation, the results of the mining process lack this information. We
now present our concepts for providing a replacement for this missing information.

Apart from the requirement for a special layout component, which has already
been treated in the last section, we stated four more functional requirements to
support a user in sectign 3.4. Of these, only the requirement for the possibility to
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modify a layout manually was assigned a high priority. This is however only an
implementation issue, and need not be elaborated on. The other requirements are
either not important enough or too difficult to implement them at this stage.

Instead we will describe two other concepts, which we developed during our work
with the prototypical implementation, and which support the user in the under-
standing of complex models.

441 Layout

In sectior{ 4.3 we already introduced our own layout component. Besides helping
the user in keeping track of changes, the developed component also helps the user
in understanding a model by emphasizing the structure of our workflow models, as
described in sectidn 4.3.3.

4.4.2 Marking the sections of a model according to their significance

A well known fact in the design of user interfaces is, that the usage of other dis-
play methods than just textual notices is often useful to emphasize the meaning of
important data[J[Tuf924, ShnP6]. Since the probability of a path being visited is a
measure for its significance it is important to convey this information to the user.
This measure should however not be based on the local probability of an edge, but
instead on its absolute visiting frequency. This is much more significant, because
it implicitly includes the predecessors in the evaluation of an edge. For example an
edge with a local probability of 1.0 will still be visited very rarely if it is located in

a path that starts with an edge of a very low probability. Thus it has a low absolute
visiting frequency.

We begin by deciding how to display the information. In the second part of this
section we then explain in detail how data about the absolute visiting frequency
can be obtained, and how the data must be enhanced to be significant. Finally we
give an outlook on a measure for the deviation of a learned model from the original
one, based on the methods developed in this section.

Design decisions

Since the probability is generally associated with the edges, our display method
should do the same. We basically saw two methods of marking the edges for our
purpose:

e change the shape of the lines e.g:
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— use thick lines to mark very probable paths and thin lines for the others
— use dotted lines for paths that are seldom visited

e change the color of the lines

We decided to use color, since in our opinion it is the stronger method. Furthermore
until now we haven't used this means for any purpose, whereas we already use
different shapes to distinguish the vertex types. Since it is always better to use a
well-known scale than to define a new one, we decided to create a temperature map
of the graph as can be seen in figurg 4.7. Red colors indicate busy edges and green
colors edges that are seldom visited.
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Figure 4.7: Temperature coloring of a model graph

Implementation issues

There are two ways of implementing this feature. The first possibility is to simply
use the visit count that exists for each vertex and edge in INnWoLVE as described in
sectio 2.3p. The visit count denotes how many times an edge (vertex) has been
visited in all the traces that were used to learn the model.

For our coloring need values between zero and one. Thus we need to normalize
the visit count, giving us the absolute visiting frequemayr. To compute it we

first need to find the edge with the highest visit co0Max If the model contains
loops, this count is higher than the number of tracEsa#es The absolute visiting
frequency for an edgeg can now simply be calculated by dividing the visit count

of the edgeC(e ) through the highest visit count:

Pavr(e) = CMax

The second possibility is to perform simulated runs of the model and thus generate
an artificial visit countCs;, for each edge. The simulation algorithm needed to
perform this task has, for example, been implemented in the ADONIS tool, and is
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described in various papefs [EW(0T, HIK97]. When the simulated visit counts are
available we can calculate the absolute visiting frequency as

Pavr(e) = Cc—fjr;&iil

In order to provide statistical significant results the number of simulation r8ims #
has to be very high.

For an implementation of the second approach we would have to specially imple-
ment the simulation engine in our prototype. Since this is too much work at this

stage we decided to use the first possibility in our prototypical implementation. The
disadvantage of this approach is, however, that we can only perform it on models
we received from the InWoLVE kernel.

Outlook

An interesting feature would be to display the differences between the actual visit
counts and the simulated ones. We expect the difference between those two num-
bers to be greater for less good models, thus giving an indirect measure for the
quality of the model. The difference should be greater for the parts of the model
that do not resemble the correct result, thus indicating what part of the model is
probably wrong.

To implement this feature we would first need to scale the simulated visit counts
down to the number of traces that produced the real visit counts. Then we would
need to calculate the difference between the simulated visit counts and the real ones
for each edge. We could thus compute the absolute deviBiiggfor an edgeg

as follows:

Dass= [C(g) — SEmijgrrace

To display the information effectively, we would then need to normalize it, using
the maximum deviation between the real and the simulated visit counts as norm.

4.4.3 Introducing a post-calculation noise-reduction (post-pruning)

Another possibility to clarify the meaning of a model is to fade out paths below a
certain probability threshold. Like this the user can better focus on the important
parts of a model. In data-mining tools this feature is known as post-pruning.
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As we already mentioned in sectipn]2.3 InWoLVE already performs a similar op-
eration called noise reduction during the calculation. During noise reduction In-
WOLVE evaluates the available traces and excludes some of them from the calcula-
tion, according to the setting of theiseLevel parameter. This approach has two
disadvantages:

e the user doesn't see which paths have been excluded due to the noise reduc-
tion

¢ the information in the excluded traces is permanently lost. In order to in-
clude it in the result models, a new time consuming, calculation has to be
performed.

Post pruning solves these problems, because initially all available information is
shown, and only gradually hidden as the user increases the threshold.

The realization of this concept is fairly easy. Basically we only need to check for
each edge if its possibility lies above the current threshold, if not we hide the edge.
Then we hide all successors until we either find a vertex that has another incoming
edge, which is not hidden, or until we hit the stop vertex.

An advanced feature would be to remove decision or split vertices if they only have
one path left that is above the threshold. Although this would mean an additional
simplification of the model, one should not forget that it makes it harder to compare
the pruned graph with the original one.

A problem of post-pruning as we described it above is that the resulting workflow
models may violate some of the syntactic restrictions of the ADONIS Definition
Language which we introduced in sect[on]2.4 and relied on during the implemen-
tation of some features. In detail rules one, three, four, six, seven and eleven may
be violated, because we don't correct side effects of hiding edges. For example, if
all outgoing edges of a decision vertex are below the threshold this vertex has no
more outgoing edges, thus violating restriction number six.

If we wanted to use this feature to acquire result models, we would need to imple-
ment a continual correction of these syntactic errors. Since we only want to use it
as a visual support tool, however, the implementation described above is sufficient.

In conclusion this feature is very useful to gain an overview over a complex model,
but is not suited to find a final result, because of the reasons mentioned above.
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4.5 Creating a measure for the reliability of a model

In this section we try to find a measure for the reliability of a mined model. The
measure should in some way estimate the risk that a path has been missed dur-
ing mining, because it hasn’t been processed yet and thus wasn’t contained in the
traces. This risk is especially high in two cases:

e in a system where the workflow changes very often

e in a young system, where only few traces are available and some actions
(e.g. end of a project) have not yet occurred

In either case the intended measure will also be a measure for the resulting model’s
reliability and maturity.

We will now explain our basic concept to develop such a measure, and then explain
it step by step.

4.5.1 Basic Concept

In sectior] 3.B we already suggested to implement the measure based on classifica-
tion error-rates. Classification is perhaps the most commonly applied Data Mining
technique. It uses a set of preclassified examples to induce a model that can then
classify other record instances. Fraud detection and credit-risk applications are
particularly well suited for this type of analysis. This approach frequently em-
ploys decision tree or neural network-based classification algorithms. The use of
classification algorithms begins with a training set of preclassified example trans-
actions. For a fraud detection application, this would include complete records of
both fraudulent and valid activities, determined on a record-by-record basis. The
classifier training algorithm uses these preclassified examples to determine the set
of parameters required for proper discrimination. The algorithm then encodes these
parameters into a model called a classifier.

Once an effective classifier is developed, it is used in a predictive mode to classify
new records into these same predefined classes. For example, a classifier capable
of identifying risky loans could be used to aid in the decision of whether to grant a
loan to an individual.

The accuracy of a classifier is defined as the probability of correctly classifying a
randomly selected instance. In our case the classifier corresponds to our model,
which will classify instances into the two classes valid and invalid. If we use the
correct model as classifier all results should be classified as valid, if we ignore
corrupted log-entries.
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However, we don’'t want an estimation of the accuracy of a model, but rather of
its reliability, as regards missed actions or possible changes. We can achieve this
by adapting the selection of the test set to our need as we will describe in section

453

In the rest of this section we will first explain when a trace is valid with respect to a
model. Then we define a measure on the basis of classification, before we explain
the implementation of the feature.

4.5.2 Validating one trace

Before introducing in detail the possible ways to define a measure on the basis of
validation we first need to explain when a trace is valid in relation to a model.

Basically the problem we face is to answer the question if our test model can pro-
duce the trace we want to validate. In other words, we need to check if the trace is
contained in the language described by our model. This question has already been
evaluated to some extent for message systems [Rid72] which can be converted into
petri nets[[Pef81]. However the semantics described in these papers do not match
those specified by the ADL (see sectjon]2.4). Therefore we will now explain how
to perform this operation on our data model.

Theoretically we could generate all possible execution traces for the test model,
and then just check if the validation trace is contained in these traces. We face a
problem, however, as soon as our model contains loops, because the model can
then generate an infinite number of different traces. This problem can be solved
by only generating all the traces up to the length of the validation trace. Still this
approach can only be called brute force, all the more so, because a model that also
contains concurrent paths will produce a huge number of traces. Therefore it is not
advisable to really implement validation this way.

We basically see two possibilities to implement the validation in a more efficient
way. The first is another brute force approach, where all possible mappings of
trace action to vertices are tested one after the other. If they represent a valid path
through the model we have validated the trace. This method is very efficient if
the vertex names are unique (complexity classes one and three), because then only
one test is necessary. Because of the same reasons as above, namely loops and
concurrency, this test is not necessarily easy.

The second possibility is to use an constructive approach, and try to match the
actions in the trace step by step to action vertices. This approach seems more
promising when we are dealing with models of complexity class two and four,
because it excludes impossible matchings. Because of this feature we decided for
the second possibility. Therefore we will explain this approach in more detail in
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sectiof4.5 M.

45.3 Possible measures on the basis of validation

Of course the validation of one trace is not a suitable measure, since its results
are too random. There exist various accuracy estimation methods on the basis of
validation[Koh9%]. We will now give a short overview of the applicable ones.

Holdout

The holdout method is the simplest method of measuring validation accuracy. The
dataset is partitioned into two mutually exclusive subsets called the training and
the test or holdout set. A common partitioning is two thirds for the training set
and the rest for the test set. The model is then learned from the training set, and
validated against the test set. For the following explanations we dbfiag the
dataset an@; as the test set. Furthermore we def8iB) as the size of a dataset,
andV(D1,Dy) is the number of traces successfully validated when uBip@s
training set andD, as test set. Using this definition the accuracy estimation for the
holdout method is defined as:

acq, = 2,010

This measure uses only two thirds of the available data for learning the model.
Because of this inefficient use of the data the learned models are less good than
those of the other measures, resulting in a rather pessimistic measure.

Cross-Validation

In k-fold cross-validation the datadBtis randomly split into k mutually exclusive
subsets (the folddp4, D5, ...Dk of approximately equal size. In every validation

step one subset is chosen as the test set, and the others are used as training set. The
accuracy of the cross-validation method is the sum off all the possible validations
divided through the number of validations:

acty = gp;21V (D\Di, Dj)

The obvious drawback of this method is the time needed to learn all the different
models. Furthermore a different dataset might need different parameters, to get the
optimal results. This makes it harder to compare the different accuracies.
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Furthermore the result of cross-validation cannot be associated with a special model.
It is thus rather a measure for the quality of the data used for mining, than for a
specific model.

Bootstrap

The bootstrap method differs from the other methods introduced in this chapter,
because although it uses a part of the data as test set, it uses all the data as training
set. In data mining this is especially useful when there exists only a very small
dataset.

However it is this special characteristic that renders the method useless for our
needs. HerbsE[Herd1] has already proven that all traces that are used by InWoLVE
to learn a model are included in the result. Thus the bootstrap method would in our
case always result in a 100 percent accuracy estimation.

Conclusion

For our scenario the holdout method seems to be the only one fitting in with the
other requirements. The whole design of the system is aimed at a workflow that
provides the information at the same time with the calculation results. This would
not be possible with cross-validation since it needs more that one calculation.

A drawback of both the cross-validation and holdout is the inefficient use of the
data. The only solution would be to use the calculation with validation as an esti-
mation for the reliability, and then use all traces for a complete calculation. This
would obviously disturb the user in following the workflow, and additionally it
would be very time consuming. Probably the best solution is to use validation un-
til the models are sufficiently promising in respect of the LLH and the reliability
measure, and only use a full calculation within the final step.

Selection of the test set

As we mentioned above, a problem of the holdout method is the correct selection
of the test set. In data mining the goal of the validation is to estimate the accuracy
of the model, in classifying the instances. To this end a random selection of the test
set is best suited, since it guarantees independence of training and test set.

Since our goal is not an estimation of the accuracy, but rather of the reliability, this
is not the solution we chose. We want to estimate how stable the learned model
is in respect to rare actions or changes in the workflow. An estimation of this can
be achieved if we split the dataset according to the start time of the traces. We
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use the earlier ones as training set and the later ones as test set. As a result of
this selection, changes that occurred only in the last few traces can’t be validated
against the model learned from traces that didn’t include the changes. Thus the
measure will rate them lower, as we will also see in the next section.

4.5.4 Developing a constructive approach for validation

In this section we explain our constructive approach to solve the validation prob-
lem. The basic concept of our validation algorithm is to step by step walk a path
through the model according to the traces. To this end we first need to sort the ac-
tion instances in the traces according to their end times. The validation of a trace is
done by trying to map the instances time-ordered on the vertices of a model. Every
time an instance is successfully mapped onto a vertex we look at the successor of
the vertex, and try to match the next instance against it.

We now explain the algorithm in more detail, starting with strictly sequential mod-
els, which are easiest to understand, and then gradually increase the difficulty.

For various reasons we chose to describe the algorithm state based. This also cor-
responds to our implementation where the state is implemented as a separate class.

Description of the validation state

Basically the validation state is only used to store data about the validation process
as it proceeds. This data can then be used by the validation algorithm, to control
the validation process.

Effectively the data itself is not important for the algorithm. It is based on the
information that can be extracted from the state. For example the algorithm needs
to know if a vertex matches the currently active action instance in the state. If this is
decided using a never changing list of action instances and a pointer to the current
element, or as we implemented it, a stack which removes each instance after it has
been matched, is not relevant.

In the following sections we will explain the algorithm based on the data in the
validation state, as we implemented it, because this is more transparent than an
explanation based on extracted information. The first important data stored in the
validation state is the stack containing the action instances to be validated, ordered
according to their timestamps first instance on top. The second data is a history of
the matched vertices. All other data is only needed for special cases that won't be
explained in detail.

Every time an action instance is matched against a vertex the action instance is
removed from the stack, and the vertex is added to the list of matched vertices.



70 CHAPTER 4. CONCEPTS

Our algorithm can then at any time be described by the vertex that we observe, the
validation state and the action that has to be taken.

Strictly sequential models

We first consider a model that contains no decision vertices. We begin by validating
the initial state against the process start vertex. Since the process start vertex is
always valid, we can continue with its successor. We now have to validate the
state against an action vertex (we know there are no decision and split vertices in
this model). The validation state is valid with respect to the action vertex if its
current action instance matches the action vertex. In this case we can continue the
validation with the vertex’s successor. If the state cannot be validated the validation
has failed, because there exist no other possibilities to continue.

In order to be successful, the validation not only needs to reach the process stop
vertex, but also must match all the available action instances. Without the second
condition, an endless trace could be modified against a model containing only one
action vertex, if only the first action instance is matching.

In this very easy case the table describing the algorithm is very simple (n.i. denotes
for not important):

Vertex Type Match Nodes Left | Action

Process Start Vertek yes(always) n.i continue with successar
Action Vertex n.i 0 validation failed

Action Vertex no >0 validation failed

Action Vertex yes >0 continue with successar
Process Stop Vertex yes(always) 0 validation succeeded
Process Stop Vertex yes(always) >0 validation failed

Dealing with decision vertices only introduces little additional complexity. The
validation algorithm simply tries to validate one path after the other. Because each
path needs to be validated with the current state, the algorithm makes a copy of the
current validation state for each path, and remembers the original state.

This procedure is also unproblematic when dealing with loops, as long as the loop
contains an action vertex, because there is only a limited number of action in-
stances. If the loop doesn’t contain an action vertex as shown in figyre 4.8 this
would lead to an endless loop. This can be prevented if we log the visited vertices
in the validation state. Using this data, it is easy to locate such endless loops simply
by checking if an action vertex was visited since the decision vertex was visited the
last time.
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Figure 4.8: Model that could lead to an endless loop

Models containing concurrency

The naive approach to validate a split vertex would be to do it analogously to the
validation of the decision vertex. The only difference would be that not only one
branch must be validated, but all the branches that are assigned a probability of
one.

This approach is, however, severely flawed because of two reasons:

1. only the sequence of actions on one branch is fixed; actions on different
branches may occur in any sequence

2. branches with a probability less than one may be included or not, opening
up two separate branches in the calculation space of the validation.

Because of the first problem we need to adapt the validation to try all valid se-
guences of the actions. For example using the naive approach, the model shown in
figure[4.9 will wrongly classify the trace A,C,B as invalid. We deal with this prob-
lem by using backtracking. Instead of continuing with the successor of a validated
vertex, the algorithm has to return the validation state to the split vertex. At the
split vertex the state is copied, and passed on to every branch of the model. Since
we don’t want to keep on validating the first vertex in a branch, the algorithm needs
to pass through all those vertices that have already been validated.

A split join block is successfully validated if all its branches with a probability of
one and at least one branch have been validated.

In figure[4.1] you can see this part of the validation performed on an example. The
figure is simplified in so far, that after a match on an action vertex, we directly dis-
tribute the cloned state to the successors of the split vertex, instead of first visiting
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Figure 4.9: Negative example for naive validation approach

the split vertex. As we can see there exist two possibilities for validating the model
in this case.

When there exist nested splits, the algorithm always has to backtrack to the outer-
most split in order to allow for all possible sequences.

Because of our second problem mentioned above, we first need to gather all the
possible solutions before we continue. Thus we can'’t just continue with the suc-
cessor of the split/join block when we have found the first solution. Instead we
need to cache every possible solution, and continue until all possibilities for the
split/join block have been processed.

The validation of loops in combination with split/join blocks is only problematic
in so far as it interferes with the backtracking. Normally a vertex that has been
validated will be passed over by the validation algorithm. If the vertex is however
the next vertex to be validated in a loop, it may not be passed over. This distinction
is made using information that can be extracted from the validation state.

For all details of the algorithm take a look at the prototypical implementation in
ProTo.

4.5.5 Evaluation of the developed measure

For our implementation of the measure, we chose to define the measure as
acc= —l1+acq
Like this the values of the measure lie in the same range as those of the LLH, and

can be displayed more concise.

A typical effect of the application of the reliability measure on a sufficiently large
log-file is the bell-like curve of its values as shown in figure #.11. The explanation
for this effect is the nature of the learned models. The first results are very general,
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Figure 4.10:

An example walkthrough for the validation of a split
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and will thus fit any trace that contains the same actions as the ones used to learn the
model, resulting in a high rating in the reliability measure. Next are models, that are
closer to the real model, but contain parallelism or decisions that are not yet correct.
These models score bad in the reliability measure. The ratings for the models start
getting better again as soon as the learned models are more accurate. However, in
most calculations the last four or five results all score 1.0 in the reliability results,
because they are already sufficiently close to the result.

Project History

LLH

Figure 4.11: The validation (curve) and history (bars) component

When working with few traces, the significance of the measure depends on the
complexity of the model. With simple models few traces are often enough to pro-
duce results that validate with 100 percent. With more complex models the mea-
sure produces better results in so far as a perfect validation is seldom reached until
enough traces are computed.

Another aspect of the measure is, that it can be used to estimate the reliability of
a mining on a young workflow management system. Since we use the last added
traces as test set, the measure responds very sensitively to newly added actions or
paths, because the learned model is not able to validate them. Thus a system that
is still changing very often, or that hasn't been run long enough to visit some rare
actions will score rather worse, showing the low reliability of the mined model.

In conclusion the developed measure is valuable as a negative measure for exclud-
ing results. Itis, however, less suited to find the best result, because models that are
close to the final results often score a hundred percent. Considering the nature of

the learned data, this was to be expected, since the models that score one hundred
percent are in a way “correct”, they just don’t represent the best solution.
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4.6 Supporting the decision for one result

Throughout the gathering of requirements it became obvious that the decision for
one result at the end of the mining process is, together with the choosing of the cor-
rect parameters, the most difficult task. The measure developed in the last section
can be used to exclude some possibilities, but is insufficient to support a decision
between models of a certain quality, since they all score the highest values.

4.6.1 Visualizing the LLH and the search tree structure of a model

During our requirements analysis we stated the requirement to display the LLH and
search tree structure of a model, because this information can be useful to locate
the final result.

The search tree structure represents information about how a result was reached in
the search tree of INWoLVE. Because the data itself is structured as a tree, it is only
natural to display it as a tree graph, with the models as leaves.

Since the LLH is a property that is associated with the models, the appropriate
place to display it is in the leaf representing the corresponding model.

We still can decide if we wish to display information on the edges. The edges
represent the transition between the models. Appropriate information would in our
opinion be:

e the differences between the two models

¢ the cause for the split that created the new model

The first is difficult to display in this context, since it would have to be textual
information. A list of vertices can hardly be considered useful information. The
cause for the split is based on information of the SAGs that are internally used by
INWoLVE, which makes the information hard to understand when this structure is
not visible. Since both possibilities didn’t convince us, we chose not to use the
edges to display information.
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4.6.2 Visually comparing two models

After comparing the semantics of two models, we are now looking for the best
method to compare the graphs of two models. From a user interface viewpoint we
have basically three possibilities:

1. Display a graph that contains all vertices and edges from both graphs. Ver-
tices that belong only to one of the two graphs are marked in some special
way.

2. Only display one graph, and mark the vertices that distinguish it from the
other graph. This is an additive comparison of the graphs, since only the ad-
ditional vertices and edges are displayed, while information about lost parts
of the graph is not displayed.

3. Compare both graphs side by side, using the display method from above for
both of them.

Graph 1

[T o

Figure 4.12: Possible design for the comparison component

The possibilities one and three display the same amount of information, while pos-
sibility number two lacks half of the information. While it would theoretically be
possible to display possibilities one and two in the standard graph display compo-
nent of our tool, this possibility doesn’t exist for possibility number three, since it
needs to display two graphs.
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We suggest displaying the comparison of the models in a new component, using
either method one or three. A decision that still has to be made is what will actually
be marked as a difference between two graphs. For example the introduction of a
second path in one graph also implies the insertion of a decision vertex. However,
we don’t want the first path to be marked as a difference only because it is now
preceded by a decision vertex. The solution is to mark the special vertices that are
different (decision, split, join), but to perform the comparison only on the action
vertices. An example of how the result of the comparison component might look

can be seen in figufe 4]12.



Chapter 5

Prototypical Implementation

In this chapter we present “ProTo - The Process Tool”, our prototypical implemen-
tation of a workflow mining tool. After evaluating possible system architectures we
introduce the one we decided for, and explain some interesting aspects in detalil.

5.1 System architecture
ProTo can be divided into four logical components:

e the INWoOLVE kernel
e the user interface
e the control unit that manages the workflow

e the database

We will now discuss two possible system architectures on a design level.

5.1.1 Central control using indirect communication

This architecture is based on a central control unit. Its task is to control the different
components, and to manage the data flow in the application. Any communication
in the system has to pass through this component. As a result of this system design
a modification of the workflow can easily be implemented by adapting the control
component.

78
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This architecture doesn’t use a central control component, but instead uses a hard-
wired workflow. This setup is easier to implement, since there is no need for com-
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5.1.3 Conclusion

There exist other possible architectures, but they are mainly variations of the two
designs shown above. Since we stated in the requirements that a workflow mining
tool should be developed as an integrated tool, we decided for the first architecture,
because it provides a closer linkage of the components. Furthermore it is more flex-
ible than the second architecture. This more than compensates for the additional
implementation complexity.

5.2 Technology evaluation

To implement the system as sketched above we need to find a technology that meets
the following criteria:

e possible integration of INWoLVE
e database access

e existing package for displaying graphs

Since the first two aspects are fulfilled by almost every modern language / technol-
ogy we focus our decision on the package for displaying graph structures.

The package for graph drawing is especially important because the workflow mod-
els displayed by it are the center of our GUI, and also the main purpose of the
tool.

In the evaluation of the different packages we used the following criteria:

e The license since ProTo is only a prototypical implementation, we pre-
ferred a non-commercial product. As we might need special features that are
probably not implemented in some packages an open source license would
be preferable.

e Applicability : this is a subjective criteria that actually is a combination of
several aspects. For one, the package should be well extensible, in so far
as the displayed objects are representations of our internal model. Also we
didn’'t want a package that only displays the graphs without the possibility
to interactively change the graph. Furthermore the quality of the packages’
display unit as well as a first impression of the APl is taken into account. .

e Support: here we list the support offered for the packages.
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e Documentation with this criterion we rate the extent and the quality of the
available documentation.

The most important of these measures is the applicability. As mentioned above,
the rating is very subjective, and because of the complexities of the packages some
features may not have been taken into account. The results of the evaluation are
shown in the following table, ordered by qualification for our project.

| Package | PL | License | App. | Support | Documentation
JGraph JAVA | LGPL very good| highly respon-| Java API
sive forum| Doc, good
with big | examples,
archive commercial
documentation
yfiles JAVA | commercial | very good| commercial commercial
Graphlet C++ | free for aca-| good none, develop{ manual, exam-
demic use ment stopped | ples
OpenJdGraph JAVA | LGPL average | low traffic fo- | Java API Doc
rum
Graphviz C special open average | very good complete
source
VGJ JAVA | GPL poor poor HTML man-
ual, Java API
Doc
GDToolkit C++ | free for poor E-mail Tutorial, API
academic Documenta-
use, closed tion
source

Even though yfiles features the better API, and with the application in ARIS Pro-
cess Platform[JSch®9] has already proven to be fit for the field of business pro-
cesses, we decided to use JGraph because of license issues. Also the very good
support in the web forum of the project was an argument for the open source pack-
age.

In consequence we decided to use JAVA as implementation language for our tool.
The integration of INWoLVE can be done using the Java Native Interface, and the
communication with the database will be done using the JDBC architecture. In
figure[5.3 we show a screenshot of the ProTo user interface.
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Figure 5.3: Screenshot of the ProTo user interface
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5.3 Introduction of the ProTo system architecture

In figure[5.4 we give a schematic overview of the ProTo system, with respect to
technology, component architecture, component interaction and important class

names. Based on this overview we will now address interesting aspects of the
system.

5.3.1 Separating model and view

The separation of data and presentation is one of the most important paradigms in
object oriented software development. In Java it is supported by the MVC ( Model
View Control ) Pattern. The ProtoGUI represents the view and the control com-
ponent, while the ProtoProject class is the model. In its function as controller the
ProtoGUI will modify the ProtoProject, which then notifies its view, the ProtoGUI.

The actual implementation is a little more complicated than that: The user inter-
face consists of various components, ProtoGUI is only the main component that
contains all the others. At system start the components register as change listener
with the model. Now, if one of the components changes the model all user interface
components will be notified and can update themselves.
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Figure 5.4: General overview of the System

5.3.2 Integration of INWoLVE

The integration of INWoLVE was one of the most interesting implementation issues.
The easiest approach would have been to use INWoLVE as stand alone program, and
interface with it using text-files, like it is done in the balboa framework. However
since we decided to develop the tool using an integrated design this approach is no

appropriate solution.

Instead we decided to modify INWOLVE to integrate into our architecture. To this

end we needed to fulfill the following tasks :

components

of at the end

compile INWoLVE as dynamic link library (dll), and operate it using JNI
design an interface for the communication between InWoLVE and the ProTo
modify INWoLVE in order to allow interference of the user during the calcu-
lation

modify INWoLVE in order to return the results during the calculation instead
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Since the first issue is a purely technical matter, and is described in various FAQSs,
we won't describe it in detail.

Design the interface between InWoLVE and ProTo

The interface between INWoLVE and Proto must on the one hand provide the possi-
bility to control a calculation in INWoLVE and on the other hand transfer the results
from InWOLVE to ProTo.

To this end we introduced into INWoLVE methods for the start, stop and configu-
ration of a calculation. The transfer of the results is achieved using callback meth-
ods, that build the result models step by step, and send a signal to the system if one
model is complete.

Despite the use of two different programming languages this solution has proved
to be very stable, and a lot faster than data transfer using files.

Modify INWoLVE to allow interference during calculation
read configuration

start calcualtion path

read configuration

start calcualtion path true

check time left

process one ealcualtion path

process one caleualtion path check time left

false

Galculation path ﬁnishea Galurn all resul%

calculation path finished

return rasult

false

(a) original sequence (b) modified sequence
Figure 5.5: Original and modified operation sequence in InWoLVE

In figure[5.% we show the original and the modified operation sequence in In-
WOLVE. As can easily be seen the configuration was originally only read at the
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beginning, which made it impossible to modify the configuration during the cal-
culation. Furthermore we needed to find a way to abort a calculation as it was
demanded in the requirements. To this end we introduced a method into INnWoLVE
that enables us to modify the configuration (including the calculation time) dur-
ing a running calculation. By setting the calculation time to zero we can abort the
method during the calculation. Additionally we need to modify the operation se-
guence in INWoLVE to check the configuration after every iteration, as can be seen
inE8.



Chapter 6

Conclusion and Outlook

6.1 Conclusion

In this thesis we systematically gathered requirements for a workflow mining tool
with special respect to the interactive nature of the workflow mining process. To
this end we conducted experiments, evaluated other existing tools and concepts of
the related area of data mining for applicability in our context.

We then developed concepts to fulfill the requirements based on some guidelines
defined during the requirements phase. Among others we developed a special lay-
out algorithm that provides a more structured and change resistant layout than those
of current workflow tools. Furthermore we defined a measure for the reliability of
mined models based on validation, and devised several methods of supporting the
user in the decision for a final result.

Most of the concepts were implemented in the ProTo tool in order to prove their
feasibility. First working experiences with this tool have been very promising,
surpassing the possibilities of a combined system of a non-interactive workflow
mining tool and a “normal” workflow tool by far.

6.2 Outlook

A real estimation of the value of the developed concepts can only be made after
putting the system to work in a realistic scenario. Also the feedback from non-
developing users will bring invaluable information about the deficiencies of the
tool.

From an implementation viewpoint it would be interesting to realize the concepts

86
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that are not included in the current version of ProTo. Especially the comparison
of models should help a user in everyday work. Another option totally ignored in
this work would be to modify the InWoLVE tool. For example a more modular
implementation of the calculation kernel should make an improved interface with
the ProTo tool possible. Furthermore it should be worth an attempt to rise more
data during the calculation phase. This would require a systematic evaluation of
each aspect of the mining algorithm for available data.

In terms of interoperability with other workflow tools, it would furthermore pay off

to implement an interface to a more general file format than adl. One alternative
would be the common XML format for workflow logs proposedlin [vdAvDB4].

Of course this might imply models with a different semantic than the one we based
this thesis on.

In current research Kleind JKIeD3] is currently developing a tool for his approach
on incremental workflow design on the same implementation basis as ProTo. Since
the architectures of the tools were carefully designed to be adaptable, an integration
should be possible. It will be interesting to see if the application of both methods
on one scenario will show any benefits.
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