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Abstract

The practical relevance and importance of Processnil is increasing with the growth in
availability of event data. Process Mining techiigjaim to discover, monitor and improve real
business processes by extracting knowledge fromtéwgs, also known has business transactions.
The three most prominent features of Process Mianegprocess discovery, i.e., learning a process
model from example behavior recorded in an evaptdonformance checking, i.e., diagnosing and
guantifying discrepancies between observed behaaor modeled behavior and performance
analysis, i.e. review of the process execution icgetihe broad, practical and relevant appliance to
the real business world processes may make Prbtiesg) one of the most important fields in data
mining, but still much proof and improvement is dee.

In this particular endeavor, the objective to agpilgcess Mining techniques using ProM framework
tool to an practical case, by extracting businesssactional data regarding customer order handling
from SAP ERP system and applying a process disgatgorithm to find the real business process
model. Data cleaning and transforming is the &rel most important step to any analytics and is the
first stepping stone to build a process model base@vent records and using Process Mining
techniques and tools. Noise (outliers and rarevities), incompleteness (missing events), and event
correlation (gaps or missing links between events @ents and activities) have proven to be big
challenges for the application of this techniquieisTpaper will focus on how to execute a particular

case of Process Mining and record the user experiand future improvement needs.
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1. Introduction

This dissertation is divided into six main chaptefbe goal of this structure is to enable the
introduction of this topic, telling the story frotineory to execution, to anyone interested in Pces
Mining. The chapters will cover the following topic

Act One

1. Problem Definition

2. State-of-the-Art

Act Two

3. Theory

4. Applications

Act Three

5. Execution

6. Conclusions
In the first chapter we will understand the motisatand what has driven this paper. It also covers
the thought process for scope definition, tool&@a, and gives a quick preview of challenges and
opportunities based on previous knowledge. Thimcally the starting point of this adventure. To
complement the first chapter, in the second wel slogker the history and background of Process
Mining. The major advances, contributions and bdodWe will also try to describe and define
Process Mining based on recent literature. Thised one, the introduction of all the characters
and motivations in the story.
Second act is composed by two chapter Theory amdiggtions. In this chapter we will go a little
deeper in the definition of Process Mining by dimig the techniques, types, perspectives, goals
and objectives. The Applications chapter is stith@oretical approach and serves as a bridge to the
execution, namely defining what we should be expgcdf the Process Mining techniques, the
requirements and features of such tools.
Third and final act is composed by Execution anddlgsions. Here we will have the climax of the
paper, by applying the methods described befoagréal case. This may also be used as a road book,
guide or user manual for someone starting in tpgct From the extraction and conversion of data,
to the selection of algorithms, execution and coeapf process models. In the end we will try to
sum it all up in a few words.
Some topics will be repeated on purpose, the finseé they will be approached in less detail,

superficially, because there is no background &edsecond time they will be drill down and



understood in more detail in light of the gainedlggound knowledge obtained from the previous

chapters. Like in many other subjects we need aitienations before grasping the full concept. In

the conclusions chapter we will see some notescantnents about the whole process and more
important some light on potential improvement opgoaities and/or alternatives to Process Mining

dedicated tools.

Hope you enjoy reading this paper as much as yedjariting it.



2. Problem definition

2.1.Introduction
This chapter will cover the dissertation goals,estpd challenges and planned execution method.
Here we will understand the motivations, objectiwgectations and approach of this work. This

will also cover some topics about Process Miningd BmL.

2.2.Goal

The goal of this work is to apply Process Miningdty, that is, to capture document flow and
transactional data for a selected process scopeltach insights about the “real” process. The
process scope will cover part of the Sales andriDigton range, namely the Customer Order
Handling from a known ERP system (SAP). The objeds to create a process model using Process
Mining techniques and ProM Framework tool, obtalevant information about it and compare it
to the theoretical design.

In this path, we will attempt to turn event datireal value by discovering the process models Thi
paper aims to test the value of Process Miningdorgcrete case and evaluate its application vigbili
The company name will be maintained confidentidlisTcompany is focused in the development
and production of specific solutions for other Imgsises, that is, industry to industry.

The whole data set will be extracted from a sirdg¢éa source. The event log base data will be
therefore extracted directly from ERP standardesbin this case SAP. After defining the process
scope and identifying the tables containing reléymacess data, ODBC Connections and/or Data
Browser transactions will be used to capture the.dafterwards, this data will be organized and
transformed to fit the event logs layout predefibgdhe ProM tool. The transformation will be done
using simple Visual Basic language in a user-frigndterface that will allow the selection of
attributes from a source table using simple Accpssies. The selection of the source queries will
be done from an Excel interface that will contdlriree needed routines. The transformation process
means picking up a record / table line and copyirgpwn into a list format (event log), grabbing
the relevant attributes and associate all recarégsath specific case. No hardcode will be used, so
the approach will be applicable for any type ofrsewdata with some minor adjustments.

The starting point for Process Mining is an evegt that results from the transformation of SAP
tables containing process transactions / eventde@nd document flow links. Each event refers to
a process instance (case), a customer order, aadtiaity, ranging from customer order entry to
sales invoice. Events are ordered and additiomgesties (e.g. timestamp or originator) may be also

included.
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The result will be a Customer Order Handling preaasdel that can be seen as a “map” describing
this operational process. We will see that openatiprocesses like this leave trails in the infaiora

systems supporting them. But we need to keep irdmimereas an event log extracted from the
system describes example behavior of the underlgingess, the resulting process model aims to

describe an abstraction of the same process.

2.3.Challenges
The completion of this goal posts some challengesprocess mining techniques to work it has to
be possible to sequentially record events suchethett event refers to an activity (well-definegste
in some process), and is related to a particulse ¢a process instance). Additional informatioe lik
resource performing an activity (person or devitteg,date and time (timestamp), and other relevant
information like start and end time, volume, reveu cost may also be stored in the event logs. All
these extra information’s are very useful to perf@rocess mining and retrieve meaning from data,
but in the beginning is better to start with a veiryple skeleton of the process with no meat at all
The first challenge is trying to find and fit stamd ERP tables that are not originally projectedeo
used for Process Mining; they are not true evegs,lanto the described requirements. There are
some modules like Process Observer that may feilihis task, but they are not implemented or
available, therefore the data needs to be converttide the system.
As described in the first chapter, data capturing mansforming, i.e. data extraction, selection of
relevant attributes and transforming it into anrgveg format readable by the different platformss i
the first big concern of this case study. The #@orts will be focused in the creation of a siepl
method to select and transform standard SAP tafiiesin event log readable format. More shall be
said about this format in the next section.
The second challenge will be data cleanup and patpa. Of course some event log quality
checking and cleaning will be needed. This willgegformed in the data selection process, namely
verifying the following criteria:

1. Validity: represent real events;
Accuracy: represent how event happened;
Completeness: no events missing in scope for eaady C

Restricted-access: cover privacy and security reqents;

a > W N

Structure: convert data based on the defined sérsant

11



The goal will be to clear out the usual data isdliles noise (outliers and rare activities) and
incompleteness (missing events), solving otherlprob like event correlation (gaps or missing links
between events and events and activities) anchgutte whole dataset in the right format.

To sum it all up and in a more broad analysis rocBEss Mining, at some point in time you will have
to deal with the following aspects:

= Scoping: selecting relevant data distributed thhotlgpusands of tables;

= Transformation: picking up non structured data @adsforming it into a readable format;

= Snapshot: filling the gaps of partial recordingewénts;

*= Ordering: event need to be ordered, using for exatpestamp when available;

= Correlation: relating events to each other andhéosame case may be a big issue;

= Granularity: different granularity from the actiei$ need to be reviewed.

2.4.Tool Selection

Nowadays there are several commercial (paid /sieéhtools for process mining and a few academic
free versions. Commercial versions include softwide Aris PPM and HP BPI and academic
versions include solutions like ProM, EmiT and lettThumb. With this last one's already
discontinued, ProM seems to be the most up tofdzggool around.

The ProM open source initiative started in 2003grasome early prototypes. ProM is a plug-in
architecture, so you need to install packagesciratain several plugins that may work together with
plugins from other packages. Today there are 00€r [Bugins available that can be divided in
families or categories taking into account theirmfanction: mine, analyze, import, export, convert
and filter. This functions and some of the avaigtiligins are (in parenthesis the number of plugins
available in each function):

1. Mining: alpha miner, heuristics miner, fuzzy etinetc (+40)

2. Analysis: verification, SNA, LTL, conformanceaatking, etc (+70)

3. Import: EPC loading, Petri Nets, YAWL, BPMN, €t20)

4. Export: EPC storing, Petri Nets, YAWL, BPMN, BBEtc (+40)

5. Conversion: Translating EPC or BPMN into PetidN(+45)

6. Filter: remove events, etc (+25)

Additionally, ProM Import is a complementary toblat should be used together with ProM. It is
also free and can be used to extract the MXMLffden several types of applications and formats.
The goal of ProM framework is, like the name implithe extraction of knowledge from event logs

like prescribed by Process Mining. ProM can be @gminst audit trail logs obtained from Workflow
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Management (WFM), ERP or CRM systems, for examipthés tool is a "pluggable” environment
for process mining. It is a flexible framework gspect to the inputs and out formats. It is alsenop
enough to allow for easy reuse of code duringitifdémentation of new process mining ideas.
Process mining has been around for more than aldeaad it has proven to be a very fertile and
successful research field, but may need to preadfiin the market. Part of this academic success
can be associated to the contributions of the Roml) which combines most of the existing process
mining techniques as plug-ins in a single tool amglfree and open. This is why ProM was selected
for this case study.

Different business tools use different formatsriading or storing log files (input) and show their
results in different ways (output). It is often yalifficult to combine the different tools although
would be very useful. Typically researchers workamgprocess mining are forced to build a mining
infrastructure from scratch or test their techngjuean isolated way, disconnected from any prattic
application.

In respect to the input format, ProM tool like asther tool needs to be fed with a specific type of
file, in this case a MXML (Mining eXtensible Markuyanguage) type with a specific format/layout.
This layout allows the user to populate attribudeproprieties in a list format. This proprietiege a
all associated with the same case, therefore cachethe final result, with information about who
performed the task, when the task was performedtatype of task performed.

The free version of ProM available requires theafssn MXML file that may be created using ProM
Import and is composed by four different sourceeatisions that can be translated in a database
environment as four different tables:

Table 1 — ProM Import Input Tables

Process Instances table

Audit Trail Entries table

Data Attributes table for the Process Instances
Data Attributes table name for the Audit Trail Eesr

Each table contains different attributes for eaata dype:

Table 2 - ProM Import Input Table Fields: Process hstances

Process_Instances

Name Description
PI-ID Unique process instance (case) identifier
Description| Process instance description

13



Table 3 - ProM Import Input Table Fields: Process hstances Attributes

Data_Attributes_Process_Instances

Name Description

PI-ID Foreign-Key (Process instance unique identifier)
Name Process instance name

Value Process instance value

Table 4 - ProM Import Input Table Fields: Event Trails

Audit_Trail_Entries

Name Description

PI-ID Foreign-Key (Process instance unique identifier)
ATE-ID Audit trail event unique identifier

WFMEIt Task, event, trail or activity name (WorkficElement)
EventType | Task, event, trail or activity type

Timestamp | Date and time

Originator User or task responsible

Table 5 - ProM Import Input Table Fields: Event Trails Attributes

Data_Attributes_Audit_Trail_Entries

Name Description

ATE-ID Foreign-Key (Audit trail event unique identifier)
Name Audit trail event name

Value Audit trail event value

Besides understanding the tables and their laydaitélevant to understand how they relate to each
other that is what are the primary and foreign kelise following diagram shows the table
relationship and a brief description of their conitiollows.

The basic idea is a Process Instance (Pl_ID) amntsgveral Events (ATE_ID) and each of them
may contain several attributes. Every Event musaltmated to a single case, therefore the key
P1_ID is a primary key for the Process Instancbietand a foreign key for the Event Entries table.
In Process Mining a process model describes thelitle of a case of a particular type. This means
events need to be related to cases and all everdstioities in a conventional process model
correspond to a status change of the case. Thereémh trace describes a sequential list of events

corresponding to a change of a particular case.
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PI_ID

Process Instancef

Attributes

Event Entries

Event Entries ;
@ Attributes
@ User ATE_ID ATE_ID
Originator = =

Diagram 1- ProM Event Log Data Structure

In this structure, each case or process instarea peocess id (P1_ID), may have a description and
additional attributes like name and value. Eacle caprocess instance has an audit trail, i.ecarde

of event entries. Each event is like a task owdgtthat is performed in sequence. This sequesice i
uniquely identified by the audit trail entry id (&T ID). Like the process instances events may have

additional attributes, like name and value.

Proll 6

Petrinet mined from RpdSynth_L-conf.mxml

Figure 1 - ProM Tool Output Example (Petri Net)

Herein using a process mining discovery algoritheresult of ProM tool will be a Process Model,
for example translate into a Petri Net type of pgscmodel as shown in the examples below. We
need to keep in mind there are several process Imotitions like BPMN, UML and EPCs, for

15



example. It is possible to convert between prooesdels once a discovery algorithm is used. This
resulting Petri Net will describe the real desidgnhe selected business process.

In ProM the process mining algorithm is able tocdiger a Petri Net type of process model by
identifying process patterns in collections of égeifhe Petri Nets are only one of many available
process modelling notations. Basically Petri Nets @mposed of only three different elements:
places, transitions, and arcs. In simple termsh @acle represents a transition (events) or a place
(conditions), and arcs (traces or flows) descriléctv places are conditions for which transitions
(events).

2.5.Process Scope

In this case study Customer Order Handling wagtibeess chosen to be analyzed and reviewed.
Each customer order may consist of multiple orthesl as the customer may order multiple products
in one order. One customer order may result iniplaldeliveries or shipping’s. One delivery may
refer to order lines of multiple orders. Hence ré¢his a many-to-many relationship between orders
and deliveries and a one-to-many relationship betveeders and order lines. Given a database with
event data related to orders, order lines, debgedand invoices, different process models can be
derived from it. The following diagram shows theamalevel process view that will be the scope of
this case study. This case study will focus onriasn flow, from the moment the customer submits
an order to the moment the product is shipped tfrcompany’s warehouse and is invoiced.

Customer OrderC_ > Product Shipping—g>Customer Invoicing

Diagram 2 - Case study scope

One can extract data with the goal of describirglife-cycle of an individual order. However, it is
also possible to extract data with the goal of airsting the life-cycle of individual order lines or
the life-cycle of individual deliveries. The outcerof this case study will be a process model from
Customer Order to Customer Invoicing following tife-cycle of individual orders, aggregating
order lines and considering an order is completeenaall order lines are closed.

2.6.Data Source

This process is supported by the companies ERBmygt this case SAP. The data from SAP that
covers this process is integrated in the SaleDastdbution (SD) module. The main tables are the
Sales Documents headers and details (VBAK and VBA# Delivery Documents header and

details (LIKP and LIPS), the Invoice Documents lexaaind details (VBRK and VBRP) and the

16



Sales Document Flow log (VBFA). More about the Sdé®a model, how the tables relate to each
other, what information each of them contains ablo@tprocess in analysis and how we can turn it

into and event log using ProM Import tool will beveloped in the following chapters.

2.7.Work Plan
Before starting any practical endeavor it is impottto delineate a work plan and a work
methodology. In this case study the Process Mihiifig-Cycle shown below will be taken into

account as a guideline for the conclusion of thisku

historical | | handmads
=

Plan and justify Extract data Create control-flo Create process

C O Y Y
objectives process
(KPIs model

Diagram 3 - Process Mining Life-Cycle

Like in every problem solving assignment we stathw question and then try to find a solution for
it. In this case the problem is finding or discargrthe hidden business process model for Customer
Order Handling. This process is hidden in the tatien records and document flow of SAP that
will be extracted for a 3 to 6 month period, depegdiow long a case takes to be solved on average.
Some iterations and repetitions may be needed simaise (outliers and rare activities),
incompleteness (missing events) and gaps (misgikg between events) need to be cleaned-up

manually. Therefore some adjustments may be netgtisource data.
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3. State-of-the-art

3.1.Introduction

In this chapter we will cover the basic definitiohprocess mining, its context, background and
history and current challenges, giving some liditu its future. The definition section summarizes
all of the current references to Process Mining exlains what Process Mining comprises. In the
history section we will explore its context andat&n to other disciplines like Business Process
Management and Data Mining and its short histanthe end of this chapter, looking at the future
of process mining, some of the current main chglisrand improvement opportunities are listed to

show all the potential of growth for this fresh ndiscipline.

3.2.Basic Definition

In short words, Process Mining refers to an autedhateation and construction of process models
based on information system event logs and othemteecords.

The aim, like shown in the next diagram is to awttically create a process model (abstraction) of
the real process (unknown) based on recorded ethaitsn most cases covers only part of reality or

possible behaviors.

Process Discovery

- Event log
I

Conformance Check

Process Discovery Process

Conformance Checj
|
1 -

Real

process

|
I 1 .
; ! , ! Provides an
; | Cover's a fraction of ; i abstraction of the
Unknown : | possible behavior I process

Dlagram 4 - Process Mining Def|n|t|or

On the one hand, automated means it is supportedfbware applications that receive an event log
(input) reflecting the real process and producesetiaon different algorithms, a process model
representation. On the other hand, a process mefges to the visual and structured representation
of processes, for example business processes suctusitomer order entry and complaint
management, and other processes like health tratgraty traffic, etc. This structured view of a
process is in fact an abstraction and simplificattbthe real process, the world, and the behabfior
its intervenient enabling insights and knowledgéhgang for decision making that the complex
reality of things obscures. The starting point ocdd@ss Mining is therefore the event log, thaais,
record of the sequential transactions, events labers that took place in a process. This evegt lo
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may be structured and maintained in a system,dik&RP or Workflow, or may be scattered and
informal and maintained in files or different mawbs that record events that partially explain a
process.

This definition maybe short and succinct and cagreid incomplete, since the authors, developers
and creators of Process Mining also refer to theparsison of process models that are already
structured for compliance or enhancement purpaseshee execution of performance analysis. But
in truth the process model creation feature isthan attribute of this research field and all othex

a natural consequence of the first, they are agipdies and outcomes of the Process Discovery.
With that said, we shall consider that Process ijriechniques allow to extract knowledge from
event logs. For example, the audit trails of a Wlork management system or the transaction logs
of an enterprise resource planning system (ERP)bmarused to discover models describing
processes, organizational roles and networksFetrthermore, it is possible to use Process Mining
to monitor process deviations, for example by cammgathe observed events (reality) with
predefined models or business rules such as SOXdBes Oxley).

Process Mining can be considered a new area imdéssiintelligence that aims to learn processes
from recorded actions. Of course this can only tweedfor structured processes, that is, behaviors
that follow a consistent rule and sequence andbeaassociated to the same case. If random and
unexplained or anarchic events took place it wénaldmpossible to understand the process, because
there is no process, no cause and effect, noarlagtween an action and its consequences.

The events relationship needs to be rational, megthiat there is a known or unknown logic behind
them that will be understood and structured viacpss modeling. Also these events need to be
observed, that is, we should be able to recordnaoditor the execution of activities or message
exchanges.

As explained before process mining is not limiedantrol-flow discovery, the discovery feature is
just one of the three basic forms of process miaing the scope is not limited to control-flow; the
organizational, data, case and time perspectigs@hy an important role in this discipline. This
topic will be detailed in the next chapter abouigass mining applications.

In the next section we will understand the backgdof process mining, but for now we should
understand that Process Mining is not just a sigetyibe of Data Mining, but it can be seen as the
“missing link” between the data-driven Data Miniagd the traditional model-driven Business
Process Management (BPM) areas of study, since datat mining techniques are not process-

centric and BPM doesn’t build process models fratadnd recorded events.
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The following diagram shows the possible relatigmdietween the three different subjects on the
left the model-based BPM, on the right the dataetd3M and in the middle the data and process-

based Process Mining:

Business Improvement

Business Process
Management

Data Mining

Diagram 5- PM link between DM and BPM

Also Process Mining is not limited to offline ansily, although knowledge extraction is done from
historical event data, were post-mortem data isl,udee outcome can and should be applied to
running cases, i.e. pre-mortem, for example theptetion time of a partially handled customer
order can be predicted using a discovered procedgim

In the rest of this paper we will have a chancexplore and go into all of the detail about process
mining, where and how it is applied, types and pectives, goals and issues and also the existing

tools that make this approach real and tangibtbércompany or business organization.

3.3.History and Background

If Process Mining is the missing link between Digliaing and Business Process Management it is
worth to understand both histories and their reteghips.

The origins of Data Mining remote to the XI centuryen we developed basing methods for decision
making based on, for example, means (descriptatessts) and inference (statistical inference). By
the middle of the last century (XX) we had creatbé first intelligent machines (artificial
intelligence) that apply human-thought-like prodegdso statistical problems and systems that could
learn from data (machine learning).

On the other side of the spectrum Business Prddessgement as we now today is quite a fresh
concept dates to the beginning of this century (XXhe first software applications were developed
in the 60" and the first database systems in theJ&@r interfaces were only introduced in the 80'

and the first BPM systems only started appearindpenXX| century. But the ideas themselves are
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older. Petri Nets were developed by Carl Adam Retti962 and the Information Systems Theory
Project in 1968 by Anatol Holt. However the ide&d$\uorkflow Management and Business Process
Management in practical terms only saw the lighdaf in the first decade of this century (XXI).
Parallel to the development of Business Processaljlement ideas the first principles of Process
Mining appeared in the 60" with Mark Gold's langaiadentification theories and also Baum-Welch
(1970) and Viterbi (1967) on the algorithms to teardden Markov models. Myhill-Nerode theorem
(1958) and Biermann/Feldman algorithm (1972) aheioexamples of the concepts and ideas that
were developed at that time. But, as in BPM onlyhim last decade in this century Process Mining
has really been driven and brought to life with sgemactical applications. Previous theories weren't
able to deal with some of the biggest problems Withcess Mining, hamely: concurrency, noise,
incompleteness, end-to-end scope and precise am@élfeemantics. This new devolvement'’s are
centered in Eindhoven University of Technology, enWil van der Aalst who is making a lot of
progress in this area of study, namely with hiskbBoocess Design by Discovery: Harvesting
Workflow Knowledge from Ad-hoc Executions (1999)eWan say this new developments are being
driven by Aalst, however there are also other dgpesis that built process mining tools before ProM
(Process Mining), but most of them are discontinoiedre short in terms of what is expected for a
Process Mining tool. The articles and papers plybéivailable about this subject clearly indicate
that at least at an academic point of view the ddg@nd most active player in the Process Mining
area is Aalst and center all major developmentseearring in Eindhoven. The first process mining
tool to support the alpha algorithm for processaligry was the MiMo (Mining Module) tool based
on ExSpect, only later EMIT and ProM were developed released. However both MiMo and
EMIT are considered inactive and discontinued todiégre about the tools for process mining will
be detailed in the Tool section of the Problem bigéin chapter.

In the last decade process mining emerged as asoentific discipline concerning the interface
between process models and event data. The coomehBusiness Process Management (BPM) and
Workflow Management (WFM) approaches and toolstgpecally model-driven with little or no
consideration for data, in this case event datati@nother hand, Data Mining (DM), Business
Intelligence (BI), and Machine Learning (ML) foco®re on data without considering the end-to-
end process model. With that said, Process Minimg ¢0 bridge the gap between BPM and WFM
on the one hand, and DM, BIl, and ML on the othére Tationale is to turn streams of event data
sometimes referred to as “Big Data” available idags systems into valuable insights related to

performance and compliance. The outcome of thesknigues can be used to identify and
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understand bottlenecks (effectiveness), ineffidiem¢optimization), deviations (compliance), and
risks (control). Therefore Process Mining will hedpyanizations, public or private, to explore or
mine their business processes enabling them todscmonitor and improve the real processes by
extracting knowledge from event logs.

It is therefore worth referring how Process Minoames to be, namely how it relates to the other
disciplines like Business Process Management ama Eaing. In the first place Business Process
Management (BPM) is focused in process modeling amalysis, its enactment or simulation,
review, verification and improvement. In the secqguidce Data Mining (DM) is focused in
clustering, classification and rule discovery basadecorded data. Bringing the two together we
have Process Mining (PM), i.e. a data mining sujgabprocess modeling discipline, a mixture of
both DM and BPM. Process Mining aims to build psxeodels based upon the same methods of
Data Mining, i.e. finding the rules that orientée flow of processes in the recorded events (data).
The difference would be most process models ar lppon “tribal knowledge”, i.e. the empiric
know-how, and subjective experience of the resauttat perform or manage the different activities
and/or the creativity of the resources, sometinmsaltants and internal auditors, who design and
document the process. There are several risks sihtmipretation of what is happening, what is
observed, what is described and finally what isgiesi and documented as the process model.
Process Mining uses real events to show us hovepses developed in reality, based on the history
of transactions performed by different resourcemfthe beginning till the end of the process.

All this related disciplines like Business Procd3sengineering, Business Intelligence (BI),
Operations Management, Workflow Management (WFMjtaDModeling and Office Automation
are associated to Process Mining and Business $&rddedeling, in their own way. These areas of
study focus on process control, optimization angrowement. But we should keep in mind that
there is no way we can review and optimize a poesiake decisions without knowing how things
work. First of all we need to define and understr@business process and at some point monitor
and control it, before we can truly start to impraty That is to say we can only deliberately imyaro
what is defined, controlled and measured. Improveéméased on unknown, undefined, non-
controlled and unmeasured processes are mainuét of chance and/or arithmetic’s, for example
when the resources involved try to show the gladsfbll not understanding the drivers and not
having any accurate starting point and insightlemtify opportunities, undertake corrective actions
and improvement measures and monitor its resutt®attomes. Most managers base their decisions

on rough indicators and mainly their own orientaticelf-interests, experience and what can
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subjectively be called professional sensitivityn@times the results are good and compliments and
performance incentives are given based on the gookl Other times results are not that good, but
there is always an unforeseen variable given tifyuis. The main factors of success cannot be at
the same time the drivers for induces. Experiendgpaofessional sensitivity cannot support success
and also be the reasons for failure when it blihgsdecision making. This type of informal and
subjective knowledge is basically based on informistorical information maintained in the
managers own database, most of the times someaictsegd notes and mostly the brain, what was
previously named “tribal” knowledge. What if we gamll information directly from the business to
make better decisions? What if we can control @gse and detect deviations before they happen
based on the main behavior variables and drivaus@eSs may not be possible to plan but surely an
organization’s administration can improve theirmtes if they base their decisions on existent and
structured data, what will be called “organizatibnknowledge. This is information that is
constructed and maintained throughout the businassactions without any additional relevant and
deliberate effort that can be used to build mednirigsights for decision making. Why ignore it?
Contemporary information systems like Workflow Mgeeent (WFM), Enterprise Resource
Planning (ERP), Customer Relationship ManagemeRiMY; Supply Chain Management (SCM),
and Business to Business (B2B) systems record é&siavents in so-called event logs. Business
process mining means to take these logs to dis@eeess, control, data, organizational, and social
structures. Although many researchers are devejopew and more powerful process mining
techniques and software vendors are incorporatieggetin their software, few of the more advanced

process mining techniques have been tested oflifeeplocesses.

3.4.Context and Integration

The first name for this section was Process Mimigiggus The World, because basically it will cover
the context, complementarity and relationship weélated areas, like Business Intelligence, Data
Mining, Standard Query Tools, etc.

Starting with the first and wide-ranging conceptsBess Intelligence is a very large concept that
includes many areas from ETL process, Data Waréhgusnd Reporting and Analytics. The

following diagram tries to describe the full Bl pess:
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In this context Process Mining with Data Mining @it in the end field that is called Reporting
and Analytics, but in my experience it is also fdlpefore to help harmonized, clean and enrich the
source data. Bl tools include SAP BW (Business Wawee) and BO (Business Objects), Cognos
Business Intelligence (IBM), Oracle Business ligelhce, Hyperion, SAS Business Intelligence,
Microsoft Business Intelligence, Jaspersoft, PemBihSuite (this last two are open source), ett, bu
usually are data-oriented and therefore may cammesData Mining features, but not at all Process
Mining. This tools support mainly dashboards, répacorecards and also data transformation (slice
and dice), data mining, etc.

By name and concept we should also understandftheetht or similarity with Data Mining. Process
Mining uses basically the same concepts and ideBata Mining, but it can be considered a kind
of spin off. It joins Process Modelling conceptsl aaquirements with Data Mining type algorithms
and ideas to create what the authors and develdp&amine to be a new academic subject. In my
notion it fits in with many other subjects of Da#ining. The objective of Data Mining is broader
and therefore can include Process Mining in itsifatree. For example, nobody would think to start
understanding Process Mining without starting with basic Data Mining concepts, therefore they
are not independent, but hierarchy connected.

In relation with other Process Modelling featurgypcess Mining does not simulate processes, it

may try to predict the success probability and tohthe flow. In fact it may for Process Simulation
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tools by creating the starting Process Model basedeal events flows. Process Mining tries to,
above all, understand the process, and with thdenstanding it may allow predictions and
recommendations (prescriptions), but not the sitiarieof scenarios and considering variables like
event order, resources or the event flow itself.dimulation purposes we may try out free tools lik
CPN Tools.

Another field that is related to Data Mining anaé&&ss Mining is Data Querying. Standard Query
Tools like SQL, Oracle, MySQL, MS Access, etc ao¢ process oriented, that is a fact. They are
flexible tools that allow the user to manipulatiief, select, query, join, merge, relate and make
complex calculations based on the existing dataaly be used in association with scripts, macros
or routines to allow some computation and recurggs, that is the application of a set of rules or
calculations in succession or in other words toomhice successive executions of a specific
calculation that may use previous results. This,veagn though it is not process oriented, Standard
Query Tools are flexible enough for the user tatéts own calculations and queries over an Event
Log to determine the most common path, bottlenaek&rage time of execution, success probability
of a specific type of case based on its DNA (e.gstinquiries result in a quotation, but not all
guotations result in an order, it is useful to usthnd if a type of product or price is more likédy

be reject by a certain type of customers). Theasttdevelopers and vendors may try to dissociate
the tools and explain they are complementary, iimfgrthey could be in the same level, just like
against Data Mining. But as explained before astldhe ETL process will need some type of
Standard Query Tool to support it, therefore thsidavent log data is based and extracted and
converted based on this type of tools, making Rr®&tining somewhat and in some cases dependent
on this types of tools. The authors may try to theim side by side, but like the example of Data
Mining, nobody that works with data, that needsxtract, query or manipulate data, namely to
prepare it for some Data Mining or Process Mininglgtics, knowledge and insights would start
from the analytics skills without having some goodderstanding of the whole Bl or more
specifically ETL and Data Warehousing processeshamdto work with Standard Query Tools, that
is, how to execute data queries.

In one occasion Process Mining would be able tamsthis dependence, namely when the source
of the Event Log is already oriented for Processitj and produces Event Log bases on the
requirements of the Process Mining tool. But in tnzeses this won’t happen, or at least not by
default, only when the source system programmerslde the audit log, document flow, event log

or transaction history in such a way it fits theé¢&ass Mining tool you could at some level ignoee th
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usage of query tools. When this does not happea th@o way to escape the Standard Query Tools,
therefore Process Mining requires knowledge anarstanding of this type of tools before starting
the mining process (analytics). The user would rfigstito acquire data querying and manipulation
skills before being introduced in Process Minirfgndt he would find the task of reviewing results
impossible and frustrating.

At some point in the paper we may also concludeé niast of the features, besides the process
visualization, could be fulfilled with Standard Qué ools and some basic programming. Most of
the business requirements and needs can be filfilithout a dedicated Process Mining tool and
that could be a reason why this tools are not vpidzsl since the concepts started to takeoff in 1998

more than 15 years ago.

3.5.Challenges and Opportunities

Process Mining is an important technique and toohdodern organizations that want to handle and
control non-trivial operational processes. On the band, there is an incredible growth of event
data, what is sometimes called “big data”. On ttheiohand, processes and information need to be
aligned perfectly in order to meet requirementatezl to compliance, efficiency, and service levels.
Despite the applicability of process mining thene still major challenges that need to be addressed
These challenges illustrate that process minisgjlisa rising and developing discipline.

The increasing volume of event data provides bethopportunity and a challenge for process
mining, since existing process mining techniquegehproblems dealing with large event logs
referring to many different activities. Also, maal/the existing process mining algorithms cannot
deal with concurrency. Other typical problems dre éxistence of duplicate activities, hidden
activities, non-free-choice constructs and oth@ms.top of this real-life logs contain noise (for
example, exceptions or incorrectly logged events) are typically incomplete, i.e. the event logs
contain only a fragment of all possible behavi@isce the event logs are the major starting point
for Process Mining, the development of standardiagd and creation of a systematic approach for
event logging from the behalf of the software depels and researchers is the first biggest challeng
in the next years for this area.

Some of the other challenges in this new emergiibjest are distributing process mining problems
to cope with big data, on-the-fly process miningdperational support, dealing with concept drift
(i.e. process evolution and change through timejsszorganizational and comparative process
mining, context aware process mining and sponsbgaarantying support for the process of process

mining.
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Of course, the first issue an organization willdfito implement and perform Process Mining is
capturing, transforming and cleaning event dat& iformation may be distributed over a variety
of data sources, the data may be incomplete, mtitding all elements of a process (containing
process gaps), it may contain outliers (i.e. exoaptthat deviate from the rule but are so uncommon
that they should be ignored for the sake of sinitpliand understandability), may contain different
levels of granularity across the process, i.e.@dtie process may have a lot of detail for coamte
reasons, but may lack the necessary informatiGupport management decisions in other parts. In
addition it is difficult to deal with complex evelaigs that hold different characteristics, they rbay
too big to handle or to small to make trustwortbypausions.

In a more general view and from the developmentrasdarch point of view there is a great need
for high-quality benchmarks, that is, example d&is and representative quality criteria to compare
and improve the various process mining tools agdrahms.

Researchers are also trying to deal with the cdraidp predicament. It is expect for the process t
change in the middle of the analysis, sometimesltieg from the analysis own insights. In my
professional experience, while exploring, undeditagnand writing business processes management
becomes aware of risks and issues that are salyketdaway (quick-win). Sometimes seasonality,
process maturation, technology advancements, syd&erlopments and business evolution induce
process changes. If the diagnosis takes too mo@hitimay be incorrect and of no use in the end.
A common problem with process modeling subject enastthe representation bias or prejudice for
process discovery, i.e. process understanding euglization. The outcomes need to be aligned
with the user’s requirements; therefore cautiongeded to ensure relevant and useful results from
process mining.

Besides managing the representation bias, whedibgiprocess models one needs to balance four
conflicting and competing forces of process modglkiitness that is to say the ability to explaia th
observed behavior. Precision by avoiding undenfitiand being able to clarify the relevant details
and insights of a process. Generalization by amgidiverfitting and being able to generalize. Fiall
simplicity, respecting Occam’s Razor principle aetbcting the simplest possible solution. Most of
the times there is a trade-off between this qualrtieria’s or dimensions and the ambition is to
achieve the best score in all of them.

Looking at the challenges placed by current businglations, we can see that today’s organizations
are more and more connected. For example on tilhedeimply that organization’s work together

in the same process instance, sharing informationtasafety stocks, product need’s, delivery lead
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times, promise dates, production planning, prodhigping and invoicing. Procurement, collection,
production, accounting and many other services rhayexternalized and shared between
organizations that may or may not use the samemgsand infrastructure, or the same methods and
rules at all. Sharing a process between two or roomgpanies is clearly a big challenge for process
mining, as it is for other are like auditing andfpemance improvement.

But even if cross-organizational processes arerat@vant, ignored or solved, knowing Process
Mining is not restricted to offline process anatyst should be able to support online operational
management, particularly being able to detect diewia and issues, predict outcomes and
recommending solutions and alternatives.

One tool will not be enough, and to support operstiand management decisions it is important to
combine the automated process mining techniquésatliter areas like simulation, visual analytics,
data mining and optimization methods to obtain nrginess insights.

In Process Mining, like in all other managementgpthat sometimes only specialists can apply,
explain and understand, there is a great needdmira the usability and understandability of preces
mining techniques and tools for non-experts, byngidhe sophisticated and complex, sometimes
scaring, algorithms and mathematics behind gookihgoand user-friendly interfaces that allow for
the configuration and parameterization, suggesalsié analysis and review and help understand the
results, using suitable representation and produglhiable results. This is the only way to have th
company’s administration or management roles tmspothe implementation of Process Mining in

tools and techniques in their organizations.
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4. Theory

4.1 Introduction
In this chapter we will cover the theory fundamént@/e will deep dive on the definition of Process
Mining, look at its goals and objectives, tools dedtures, deployment and data challenges, and

different modelling alternatives.

4.2 Advanced Definition
The best way to describe something is to put tireatiee in the form of questions. To better
understand what is Process Mining, how it worksatih a process and how it is determined let us
try to answer the fundamental questions that fallow
1. What is Process Mining?
It is a scientific subject, mostly developed angtsd by computer scientists, that studies
the extraction of knowledge from event logs (reedrdctivities) available in the business
systems for process discovery, monitoring and iwgmzent.
2. How does Process Mining fundamentally work?
That is, how for example are petri nets and othecgss representations built based on Event
Logs? Process Mining uses the rules and concefataf Mining, namely association rules
based on event and event sequence frequenciesalltig to ignore events with low
occurrence rate and determine the relevant and therstrongest connection between
events. In Process Mining tools, several packggesg;ins or functions may be developed
to help the user determine relationships and algatihe logs for once, add more data details
to the discovered process model or execute diffgyeotess model analysis (e.g. control-
flow versus social or organizational).
3. Whatis a process?
A process is a trace of events with a beginningeanend, basically a sequence of tasks with
a defined objective. The trace between two evandeiermined by the numbers of times an
event is preceded by another. The dependency sygetermined by the number of times
one events precedes another minus the times tee ®tbhnt precedes the one event divided
by the total times each event is related.
4. What does it mean to mine a process?
Process Mining just like Data Mining drives theules and models based on data, in this
case event logs or audit logs. It basically mitesdata to find insights and knowledge. It

uses concepts like frequency, distance, correlatissociation and clustering just like Data
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Mining. But it focuses on business / organizatiopebcesses and social networks. It
facilitates Process Modelling by allowing an unbkisliscovery of the "real" process model
based on real facts. The first real contains dogbtees, because everything is a model and
the model does not exist, even if based on faetsalse it depends on the interpretation of
the facts and also on the collection of the whaolerse of related and relevant facts and
their relationships.

Therefore, is Process Mining business analytics?

Process Mining should belong to the business dnsalgte of Business Intelligence. Process
Mining is Business Analytics. Business Intelligenisea big and sometimes ambiguous
business jargon. It comprises the collection antlaetion of data from different data
sources, transformation or conversion and uploaititoga data warehouse, the construction
of different data marts, info providers and cubdepéending on the terminology or
technology used), that allow business analyticsifgss analytics can be simply descriptive,
that is simply reporting the facts and past evdhtsan also be prescriptive and predictive,
using OLAP and other exploring tools it should lsgible to extract knowledge, that is,
relevant business insights to support businessigdesi, allowing the business to navigate
through the unknown. Data Mining and Process Misipgcifically have a great role in this
component of Business Intelligence. Their methadfefence and prediction allow to better
understand and control unknown business varialésecommend potential actions based
on simulations, for example. Data Mining is alsefutfor data cleaning and enrichment in
the transformation / conversion step, but thahistlzer topic.

Does it support operations?

Process Mining supports Operational and Businepp@ti When executing, operating and
driving the business we may become too focusedhat i8 next to us, therefore blindsided
and vulnerable. Process Mining desires to imprdna &nd help navigate the business,
allowing the manager and conductor of the busitessee the road ahead and drive the
business with more certainty, efficiency and effestess, that is, to get to destination using
the shortest and fasted path without a great fiskiking.

Reality is too complex to be controlled. How canma&nage this?

Every businessman has an idea of what he wanth@mndo get it. When confronted with
reality it finds that it is really more difficulbtachieve its goals and sometimes the process

results in different outcomes. There is a learpraress, feedback is obtained, changes are
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made, and the results hopefully improve. New preegsnew systems, new methods, new
structures, new procedures and developments en@mgesure the desired outcomes. But
then reality pulls a prank on the businessman dhgrige path, changing the target, driving
other competitors to fight for the same goal. Clearignovation, evolution, progression,
development, it is impossible to control this vhhkes. The businessman needs to continually
adjust the route and fight of opponents at the samme Sometimes the businessman even
changes the goal, the perspective or approachydlehings should be done to ensure the
concretization of the main objectives. Well, rgai just too complex to fit in a box and to
fully grasp in its whole. It changes frequently aadoo big and complex to capture and
interpret based on real facts. You could starttrighw studying it, but it would be very
different when you've finished to cover it all. Tetore we use models, simplifications and
abstractions of reality, less time consuming argleego remember, to update and put in
practice. We try to make things simpler, to fine thiggest tendencies, the best links,
correlations and associations and figure how tot@cchieve the desired goals in each
context. Since we won't know everything, we canawbid our interpretation bias nor
changes, our models lose their value through tihey; have a shelf life, an expiration date.
We need to update them to maintain their value. é&odan be easily improved, adjusted
and updated to fit most of the common and most mapb behaviors. Even this is hard, time
consuming, expensive and tiring process to whamassigned to if the right tools are not
available. Some people when confronted with changg try to resist and fight against it.
But the entropy principles tell us that nothinglnéimain the same once change is introduced
to a system, no matter what you try to do. You tmayo freeze hot water with cold water,
in return you'll have warm water. People want défe things, they drive their lives in
different ways to achieve different goals, with ¢&ss Mining perhaps we can improve this
learning process, and continuously maintain our ef®af reality, simplifications and
abstractions, more accurate, timely, relevant, detapand valid. With this said, the

businessman has a new tool to help him in his emdea

4.3.Goals and Objectives

As referred before Process Mining aims to imprdweédxtraction of knowledge from event logs by

providing techniques and tools for the discovepngcess, organizational, social, and performance

information from event logs. It is a method of dlisty a structured process description from a set

of real executions.
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Process Mining tools aim to discover, check, predicd recommend based on objective and
systematic data. Their techniques attempt to eixitaowledge from event logs recorded by an
information system and automate process discotleayjs, extracting process models from an event
log, execute conformance checking, namely monigodieviations by comparing a model with a log,
social network/organizational mining, automatedstarction of simulation models, case prediction,
and history-based recommendations.

Every organization will support some kind of tracttanal information, even if the process
management maturity level is in its lower level-fat or informal processes). This information
combined with some mining techniques can be usgdttmore insight about the company’s process.
It is always possible to create event logs withnéwe transactional data. On the other hand, this
event logs can be used to construct a processfispgon, which adequately models the behavior
registered in the systems.

Process Mining has basically to categories of featloased on the time perspective: Backward-
Looking or Forward-Looking. Backward-looking see&sinderstand the present by looking into the
past events. Looking at the known flow of historie@ents allows us to identify the current process
model and detect deviations in past events (offlinpost-mortem) or even occurring events (online
or pre-mortem). Looking at known events we may atedcartography, namely: discovery, by
modelling an existing process that is, learning pmecess model, enhance, by repairing and
extending and existing process model and diagrimseerifying and checking the process model.
Looking back can also allow Auditing, namely toatgt(pre-mortem), i.e. identify deviations online
and generate alerts (monitor execution), to chpoktfmortem), i.e. identify deviations offline and
guantity compliance (compliance check) and to campd.e. highlight differences and
commonalities between two models (a de jure -dleJs a de fact - the fact).

On the other hand, by looking forward we are abl&lavigate through the present by predicting
future events, guiding the operator or user by iptied) the future outcomes and alternatives (e.g.
success probability of an action) and suggest lsleitactions (e.g. best options or alternatives
available). This can also be called OperationalpBuypas referred before. This category of features
include exploration, to visualize a running casd aompare to similar recent case (help trigger
actions), prediction, to calculate the flow timelauccess probability (the resulting performance of
the case) and recommendation, to guide the opédrgtpredicting and ranking next steps aiming to
the most promising outcome (minimize cost and tirafficient, and maximize success probability -

effective).
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So, Process Mining should be the organizations 8R&m because it aims to help organizations
navigate the business. That is, understand adllteenative routes, recommend the best path, gredic
the time of arrival, give on time and online medriike distance to go and speed, and in the case of
a road block an alternative way out.

But to discover, predict and recommend is only amseo an end. It all comes down to continuous
Process Improvement, call what you may, Cost RemlydRevenue Growth, Business Restructuring,
Process Optimization, among others, the objectitbe same, increase productivity, reduce costs,
enhance service level including service quality atidhately improve the financial outcomes, the
shareholder value, return on equity, the businesf# pbasically to make money and continue doing
it in a sustainable way. To do this we need fostinderstand the business value chain, that is, how
it creates or adds value (at least perceivedn industrial type organization, for example, therts

from the design and development of products, selecif suppliers, purchasing raw materials and
equipment, hiring labor, stocking and balancing dedh requirements, transforming the raw
materials based on specific and unique or commtamdard and scalable processes and recipes,
marketing the products, making them available aflthg them of the shelves and finally collecting
the bill. Each segment of the value chain will hth&ir own operational rules and context, they will
have internal and external requirements and wilsbpported by different systems or modules,
functions, business knowledge, technical skills @nocesses. When an organization is already
operational you may want to improve the organizatictructure, methods, processes and systems.
You may want to start from scratch or to understiedstatus quo, usually called the as-is, identify
the pain points, redesign and implement solutionsigrovements. The first option is hardly
executable, because that may imply stoppage or gaeatlel operations, and also there are always
lessons learned from how things are run know amdetis no need to reinvent the wheel in most
cases. To understand the as-is operations you tosgr@ and document events, you may ask
someone to describe them in an interview, workgrdprainstorm session, you may also re-execute
the process, that is, do a walkthrough and expegi¢ime flow, you may even do them all. It sounds
good, but it takes time and is restricted yourvrdiial and the interlocutors experience and worst
subjective interpretation. To cut it short, you nsyply collect the companies event records and
reconstruct the past event in an automated ambfsievay. Well that is exactly the final objective
of Process Mining. You may want then to check treemt process against organizational guidelines
and also obtain some performance metrics to uradetsvhere the biggest pain points in the process

are and therefore find the flaws and improvemepbadinities based on the real execution. Later on
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you may want to make changes and monitor the gesliitese are other topics that Process Mining
tries to cover. It is easy to understand how Poddising may support Process Improvement in
every stage from Diagnosis, Design, Implement anditdr (observe and check progress).

We've witnessed a big expansion of technology afatmation systems capabilities as referred in
Moore's Law, by which the number of componentsitegrated circuits would double every year.
In the last fifteen year we've seen a lot of pregria the information technology, making more and
more the digital world aligned with the real worlthat is, more and more business transactions and
social activities are recorded in ERP systems awlaBENetworks, making it easier to apply data
mining and business intelligence techniques toaektmeaningful knowledge from all the data
available.

Like in all known social networks and business oigations increased their digital universe
recording almost every transaction in workflows,FERRand every machine making it possible to
record and analyze events. Recorded events therefor be a powerful source of knowledge to
understand, control, monitor and improve its gesethe reality (World) that the events represent in

a never ending circle of continuous improvemerdg Bkown in the next diagram.

Support

World <:> Software

(Business) Control

Process
models

Record

Conformance

Event logs

Diagram 7 - Process Mining Objectives and Goal

The biggest ambition of Process Mining is to expdsient data in a meaningful way, for example,
to provide insights, identify bottlenecks, antidgparoblems, record policy violations, recommend
countermeasures, and streamline processes. Tioatay untap the reservoir of knowledge already
maintained by the organizations about the way geophduct every-day business transactions.
The practical relevance of Process Mining is insire@ as more and more event data become
available. Process Mining techniques aim to disgow@nitor and improve real processes by
extracting knowledge from event logs, given thares logged by some information systems can be
used to extract information about activities anéirtftausal relationships. The two major Process
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Mining tasks, like described in the previous sewicare process discovery, i.e. learning a process
model from example behavior recorded in an evegt dad conformance checking, that is,
diagnosing and quantifying discrepancies betweesemied behavior and modeled behavior. The
increasing volume of event data provided both ojymities and challenges for process mining.

The topic of process mining has attracted the ttterof both researchers and tool vendors in the
Business Process Management (BPM) and Busineskgianee (Bl) vectors. But BPM as described
before is model-centric and doesn’t construct me®taked on event data and, one the other hand BI
may focus on data and includes many buzz words inmbrella but mostly can be summarized by
simple management reporting and dashboard tools.

A lot of technologies can be included in Bl. Busisé\ctivity Management (BAM) that enables real-
time monitoring of business processes. Complex EReocessing (CEP) processes large amounts
of event to help the management monitor, guide @ptimize the business on the fly. Corporate
Performance Management (CPM) measures the perfemtda process or organization. Also some
management frameworks and approaches can be iddikdBusiness Process Improvement (BPI),
Continuous Process Improvement (CPI), Six SigmaalTQuality Management (TQM) and many
others. In all this approaches, frameworks andplises the business process is put in spotlightt, p
under scrupulous analysis and meticulously reviewedidentify issues and improvement
opportunities. Basically Process Mining should Ipeemabling technology and desires to be a
requirement for all these process management framawUItimately Process Mining serves the
same purposes as all the Bl tools and frameworlségement approaches) that aim to improve
operational performance, for example reduce leadedj production defects and customer
complaints.

Besides performance improvement, in today's busioggnizations a lot of attention is being given
to corporate governance, risk management and cangdi (financial, health, security, working
conditions, quality, diverse certifications andes). Recent scandals and publicly known corruption
cases and bankruptcies can destroy a businessizatian from one day to another. A lot of
international and national legislation like Sart=a@xley Act (SOX) and Basel Il Accord and other
private certification demonstrate the focus on clempe issues. Process Mining also offers the
means to a more scrupulous process analysis fopl@me check and audit to ascertain
completeness, accuracy, validity and restrictecess®f the business transactions. This allows

building more reliable information for businesswaasice of the organization's core processes.
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Also in finance assurance, financial auditors Uguatview journal entries, i.e. logging of
transactions into accounting journal items, butiBotheir work on analysis techniques that are gurel
data oriented, not process oriented. This meandab& at each set or limited group of data seds th
cover partial business processes rather that peafoce a complete business assurance review of the
end-to-end business process, to cover all of tharization's core processes.

In abbreviation, the Process Mining techniquesaextknowledge from event logs or business
transactions recorded in the systems and otheratsriny discovering the process models, i.e.
designing the process flowchart, monitor and imprbusiness activities in the process model for
fraud, cost and performance issues review for el@nfut in this case, not like in BPM and BI
techniques the goal is to improve real processgssdan recorded actions, not assumed or theorized
processes.

Process Mining techniques should be supported @pylost other methods, including the described
buzz words, ranging from Data Mining, Business Agse, Visual Analytics, Business Process
Management, Business Process Improvement ancealukiness Intelligence techniques.

In more detail and practical terms, three operaliG@upport activities can be identified: detect,
predict, and recommend. The moment a case deViiaesthe predefined process, this can be
detected and the system can generate an aletrigédtdata can be used to build predictive models.
These can be used to guide running process instaRoe example, it is possible to predict the
remaining processing time of a case. Based on greslictions, one can also build recommending
and suggestion system that proposes particulanrecto reduce costs or shorten the flow time.
Predictions and recommendations based on modetsekbaising historic information can therefore
be used to influence running cases. Similar forfrdeoision support can be used to adjust processes
and to guide process (re)configuration.

Process mining techniques can also be used to teaimulation model based on historical data.
Subsequently, the simulation model can be usetbtage operational support. Because of the close
connection between event log and model, the maatebe used to replay history and one can start
simulations from the current state thus providiritaat forward button” into the future based oreliv
data.

It is therefore desirable to combine process mimittg visual analytics. Visual analytics combines
automated analysis with interactive visualizatiémrsa better understanding of large and complex

data sets. Visual analytics exploits the amazipgbaities of humans to see patterns in unstrudture
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data. By combining automated process mining teclasigwith interactive visual analytics, it is
possible to extract more insights from event data.

With that said, processes are everywhere. Orgamizahave business processes to manufacture
products, provide services, purchase goods, haagfications, manage systems and other
resources, etc. Additionally, in our daily lives waee intrinsically involved in a multiplicity of
processes, when we use our home appliances or whdmook a hotel and flight in a website.
Although such operational processes are omnipretayt are at the same time intangible and most
of the times ignored, since they are less conenetemore dynamic nature than products, resources
or even data. However, more and more informati@utthese processes is captured in the form of
event logs by contemporary systems ranging fromneachines (e.g. printers, personal computers
and medical devices) to enterprise informationesystand cloud infrastructures. These events can
now be used to make processes visible. Using psao@sing techniques it is possible to discover
processes. This provides the insights necessanatmage, control, and improve processes. Process
Mining has been successfully applied in a variétyamains ranging from healthcare and e-business
to high-tech systems and auditing.

To recap, the main objective of process mininglauttiing process models is to solve compliance-
oriented on one side and performance-oriented igmssand problems by focusing on how things
happen and come to be. A process is what is betivgrns and outputs; it is the middle and
intermediary between a trigger and driver, that istarting point, for example, a customer complain
and its resolution, closure and end. It explaing ligputs come to be outputs, what happens between
a cause and a consequence. Process models arefrdifferent ways and routes for a resolution or
closure. Knowing these intrinsic maps and logick aliow us to detect problems, predict results

and understand and solve issues before or aftghtygpen.

4.4.Process Mining Tools

What are the Process Mining Tools available andghat categories do they fit?

There are several Process Mining tools alreadyablaiin the market. Some are free to use and even
open source (e.g. ProM) and others are free t@tgy Disco). Most of the developments in this area
of data mining and process discovery techniquased) in Eindhoven, in the Netherlands, were most
of the new publications are written and new apgneacare developed. Many of the concepts of
ProM have been embedded in commercial tools sudhlagcon’s Disco (www.fluxicon.com),
Perceptive Process Mining (www.perceptivesoftwanm); Celonis (www.celonis.de), Aris, BPM

One (Pallas Athena), Interstage (Fujitsu), Futuedlégt, Comprehend (OpenConnect), Process
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Discovery Focus (iontas), Enterpise Visualizatiaiteés (Businesscape) and QPR ProcessAnalyzer
(www.gpr.com).

Probably the most well-known and popular processingitool available is ProM, an open source

toolkit developed at Eindhoven University of Tecluyy. ProM is a good choice to explore process
mining, because it has consistently been at thefrfumt of that technology. Most of all, it is free.

The list below contains most of the tools availaloiday, some of which may have been in the

meanwhile discontinued:

Table 6 — Process Mining Tools

Name Category

ProM
InWoLvE
Process Miner
MinSoN
ExperDiTo

Academic

ServiceMosaic

Rbminer/Dbminer
Genet/Petrify
Aris PPM

HP BPI

ILOG JViews
Comprehend

Discovery Analyst

Flow

Enterprise Visualization Suite .
Commercial

Interstage Automated Process Discovery

OKT Process Mining suite

Process Discovery Focus

ProcessAnalyzer

Reflect|one

Futura Reflect

Disco

4.5.Deployment Challenges

You won’t have a short straight answer with Prodéssng. Before you can obtain a usable Process
Model you need to manipulate parameters, sometiméne dark, to try and get something that fits

the expectations. But the proposition of Processimdi is the possibility of unbiased discovery of

the real process model. The reality is you'll nemdnderstand the process previously, identify the

supporting systems, configure or create event laged on the implemented processes and when
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executing the discovery algorithm you may needifost settings and parameters and try to "correct”
the model trying to fit the discovery result withrawn model or expectation. In this aspect itggoe
against what was set to be one of the major adgastaf this techniques.

The level of system and process maturity may chénoge organization to organization and perhaps
for most organizations there will be some limitatdo try and apply this type of methodology. This
is also true for any analytics, the results ang veuch dependent on the quality and extension of
the information available. Being one the highestumty level and three the lowest, we will try and
understand what kind of scenarios we may find icompany regarding process definition and
process supporting systems:

1. Explicit process descriptions of the way the woskorganized and this description is
supported by a process aware information systers, lilor instance, a Workflow
Management System (WFM). The system enforces amtkguhe user. Options are all
predicted and enclosed in the designed process.

2. Explicit process descriptions of the way the woxlsg the system supports the process, but
the practical way of working can differ considesaflom the prescribed way of working
because there is some sort of flexibility in thegarss or system (open doors) that allows for
individual decision making (ad-hoc).

3. No or only a very immature process descriptionvigilable. The existing systems support
some business activities, but not the whole busipescess (non-existing or incomplete).

It seems that most of the companies that would fiiehem this type of methods are in the third
stage, that is, they have rudimentary informal psses that work based on tribal knowledge and
some group sense of how things work and the syssemgort this way of working in the same
rudimentary and sometimes ad-hoc way. This doesean there is no process in place, just that it
is informal and the system those not give full adeat by consequence. Therefore there will not be
data or event logs to cover the process in fulerg¥the system is standard and widely implemented
forcing some kind of flow, this is as far as it goe

One the other hand, organizations that are onitsieldével of maturity, most probably don’t need
Process Mining, basically the process is enforgetiraost probably the workflow system already
gives performance metrics and allows online momtprThere is no need to discover the process,

because the process defined and enforced.
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Basically only in the second stage there is avkiladnd reliable data and a real benefit in
implementing this kind of method. It shortens #dibit the list of companies that verify the crise

and really may benefit from this kind of methodglog

4.6.Data Challenges

No algorithm alone in Process Mining is able toaroall data issues and challenges. Some attack a
specific issue, but to truly cover the businessiaege need to cover them all. So, Process Mining
struggles to deal with several types of complesijtiemmely:

1. Concurrency (parallelism): two steps working comently, together (complementary) or
against each other (substitutes);

2. Complex Routing and Complex Control-Flow Construgpaghetti/unstructured like
processes with one or all of the following aspdike lots of steps, lots of existing
combinations, not a clear core or primary trace/fliots of loops between steps/activities
or to the same activity, explosion of events,ome event results in a variety of new events
with the number of new events being almost randach depending on each case. Many
algorithms are unable to deal with non-free-chaizestructs and complex nested loops;

3. Noise: the existence of bad history (inaccuratendx) mixed with good history. Difficult
to acknowledge what is an outlier from good histoegords against what is simply
inaccurate history that may deviate our conclusions

4. Event gaps or silent steps: missing events or dsaara case (process instance). Things that
are not recorded cannot be discovered;

5. Trace gaps: missing flows / trace (links betweeents). It is imperative we have a full
understanding of the process to really measurénapigbve it. Some types relevant activities
are not recorded at all or are recorded in a wiyribt possible to associate or correlate the
events;

6. Event correlation: it may be difficult to associalbevents to the correct process instance.
Each record may not be linked to its original c@sg. returns, price adjustments) or even
worst a record/event may be linked to several céesgs credit note for several orders). In
this last case the solution it to increase thellef/granularity and looking at the record at a
single item level (when possible). This solutionrgases the complexity and may limit the
usage of some algorithms (e.g. Heuristics Minersdoat work well with this). Another
solution for this last type of cases would be tdiaally split the record using the allocation

principles of weights just like in costing;
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7.

Duplication: in the event log it is not possibladistinguish between activities that are logged
in a similar way, i.e., there are multiple actieftithat have the same “footprint” in the log;
Underfit or overfit: many algorithms have a tendetwovergeneralize, i.e., the discovered
model allows for much more behavior than actualgorded in the log. In some
circumstances this may be desirable. However, theeens to be a need to flexibly balance

between “overfitting” and “underfitting”.

Process Mining tools allow us to obtain some pre@esights from event data, but for this to happen

some requirements must be filled, namely:

1.
2
3.
4

5.

It is possible to create event logs with evenrangactional data;

Each event refers and can be mapped to an adtivgtyvell defined step in the process);
Each event refers and can be mapped to a caspr@icess instance);

Each event has a performer, that is, person oesyskecuting or initiating the activity (i.e.
origination);

Each event has a timestamp and can be ordered.

To fulfill all the requirements we need to meetthé following criteria:

1.

Correlation: Events in an event log are groupeddgase. This simple requirement can be
guite challenging as it requires event correlati@n, events need to be related to each other;
Timestamps: Events need to be ordered per casécalypoblems: only dates, different
clocks, delayed logging.

Snapshots: Cases may have a lifetime extendingidethe recorded period, e.g., a case was
started before the beginning of the event log. Bef&iarting to model it is necessary to
ascertain the best time frame to cover the fultess life cycle.

Scoping: It is necessary to determine which infaromeis relevant for the defined purpose,
that is, to cover all the underlining questiongd thativated the implementation of the model.
Granularity: The events in the event log must béhansame level of granularity and this
level must be aligned with business needs. Mogdithe event log may contain a different

level of granularity than the activities relevaot &€nd users.

Understanding that Process Mining is supportegahlbusiness data and knowing that not all events

are recorded, may not be recorded in a structurg amd may contain errors and inaccuracies

(noise), we can conclude that the Process Minialgrigues cannot focus only in using the existing

data, but they should also cover cleaning and exdmaents, like event correlation and case

allocation, to be really effective in the real vebrl
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4.7 Modelling Languages

Petri Net is just one of many Process Modellingglaages. In management BPMN and UML are

usually the excepted model. With that said, theeesaveral Process Modelling languages available,

each of the manager, company or author will firglrtitnodel to be the best, they will highlight the

benefit of their version and find holes in all atheBut being agnostic about this subject, heee is

basic list of the generally used modelling langsageme of which covered by ProM Framework:
1. Petri Net

BPMN

BPEL

UML

StateCharts

C-Nets

Heuristic Nets

N o g bk~ w DN
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5. Applications

5.1.Introduction

This chapter captures the application definitiomsPoocess Modelling. It figures the features,

business requirements,

5.2.Features

Process Mining features include representing tloeqes in a diagram, a Petri Net and any other

process modelling language, monitoring the exenutiothe process, predict results of the process

and compare process models, basically executimgp@enance checking.

The baseline requirements for a Process Mining sboluld be aligned with the implementation

objectives. That is, the solution should help thsibess:

1.

Gather insight about the how a business procetefiised, understand how it works and
what are the limitations and issues;

Support the discussion and brainstorming aboubtisiness process. It should create a
common baseline, acceptable and concrete to Beadiscussion;

Document and instruct, that is, enhance transpgramd knowledge sharing, informing
all relevant resources of their tasks, responsiisliand the impact of their actions;
Audit and verify the process, review and look autdrrors and mistakes in the design,
the systems or even in individual actions;

Analyze process performance and drive improvemdmtsjnderstanding the process
and also being able to determine the key pain gdimt solution should enable the
determination of the key change drivers that imprthe service levels;

Animate and roll play models, allowing users to lexp and play out the process
bringing new insights and feedback about the psyces

Process design for system or process specificatiiat,is, the model can serve as a
binding contract or list of requirements for systsetup, on the one hand, and as the

baseline for process change.

Taking into account this basic requirements, in@®ss Mining tool you should be able to find the

following features, they the translation of theibhass requirements for this type of solution:

1.

Process Discovery — Find how the process is:
a. Draw diagram with all the paths for presentatiod comprehension purposes
b. Determine process metrics (e.g. time, frequeang,count metrics)

c. Determine most used path

43



d. Allow to adjusts the number of events represk(eeg. based on frequency)
e. ldentify potential bottlenecks
f. Identify potential loops or redundancies in thecess
g. Determine the fastest and slowest path to camghe process
2. Process Predictions and Recommendations - Mothigopttocess execution:
a. Determine process execution metrics (e.g. tireguency, and count metrics)
b. Compare process execution metrics with stanti@rdet metrics
c. Create process alerts and flags if thresholde haen compromised
d. Potentially recommend actions and alternatiegto finish the process
3. Conformance Checking - Review process model angbocate rules:
a. Get objective information on whether it is atyutollowed as prescribed
b. Determine gaps and issues in process (modelsigaality)
Process Mining does not cover everything, for edaniyocess Simulation, i.e. understand how
process would work (prediction) based on predeteenhicriteria and scenarios, and determine end
result and metrics of process changing variablgs éelding resources, changing event relationships)
and perform all other feature identified in theqe®s discovery but for the simulated version.
All business analytics are driven by results, nestend indicators, they should produce outputs that
may support and bring some business insight toctikedy improve it. With that said, Process
Mining performance metrics and outputs should ideltamong others, the following:
1. Process bottlenecks
Most frequent path
Shortest path
Longest path
Processing time (of event)
Flow time (between events)
Gaps and missing links

Outliers and weird paths

© ® N o o~ wDd

Deviations highlights

=
o

. Conformance measures for conformance review

=
[N

. Execution alerts to support monitoring tasks

[N
N

. Process automated representation for visual vadiatcheck

[N
w

. Tasks performers
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14. Segregation of duties conflicts

5.3.Types of Process Mining Techniques

In this section the three types of Process Mingaphiques will be explained. Their relationship is

shown in the next diagram, where we see the Evegbieing the major input for all types of Process

Mining shown in the white oval shapes (Discovergnformance and Enhancement). For Discovery
we need only the Event Log to create a Process M@dieh both the Event Log and the Process

Model we can do conformance checks (diagnosishbaecement and improve the current process
model.

Event Log
(Transactlons) FrocessTvadel

Diagram 8 - Process Mining Type:

Following the diagram above, the first type of Rrex Mining techniques or types is the process
model discovery. This technique takes an evenafafjproduces a model without using any a-priori
information. Process discovery is the most impdrprocess mining technique, since it allows the
discovery of real processes based on example red@ctivities in event logs. This technique takes
an event log (input) and produces a process madgpyt). The resulting discovered process is
usually structured in a process model like a R&tti BPMN, EPC, or UML activity diagram. Social
networks could be other ways of describing a disoed process. The Process Mining that will be
used in this case study (ProM) structures busipessess models using a Petri Net notation. The
Petri Net is one of the simplest and most practieats of representing a process, containing only
three basic elements (transitions, places and.akosgxample of a Petri Net is shown in the next
diagram.
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Transition (activity / event)

Q Place (conditions)

Token
Arc (flow)

Diagram 9 - Petri Net Example

Each square is a transition or activity put in ¢tian by specific resources, the circles are places
conditions that determine when an activity musetplace or what is the follow-up of a activity and
the arrows are the arcs that connect transitiodspéarces representing the flow or direction of a
process.

Secondly we have the conformance technique, whreadready existing process model is compared
with an event log for the same process. This teglaican be used to check if the real process,
recorded in an event log, is conformant with a nhodé the model is conformant with the process.
In simple terms it aims to measure the alignmetwéen model and reality. This technique takes an
event log and pre-existing process model (inputl amkes a diagnostic about the process,
identifying differences and commonalities betweethbnputs (event log and process model).
Finally, enhancement aims to extend or improveli@ady existing process model using information
about the actual process recorded in some eventhiaigis change or extend the a-priori model. The
extension of the model could mean the addition rofatribute like task responsible (user) or
timestamps to allow the calculation of service Isvand identification of bottlenecks. Like
conformance checking, enhancement needs an evgrand a-priori process model (input) to
improve or extend the process model (output).

5.4.Perspectives

Process Mining has three main perspectives:

1. Process: the process perspective focuses on thelefbow, i.e., the ordering of activities. The
goal of mining this perspective is to find a godei@cterization of all possible paths, expressed
in terms of, for instance, a Petri Net.

2. Organizational: the organizational perspective $esuon the originator information, i.e., which
performers are involved in performing the actiat@nd how they are related. The goal is to
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either structure the organization by classifyinggie in terms of roles and organizational units
or to show relations between individual performéxs)ding a social network. It is possible to

derive relations between performers of activitiggys resulting in a sociogram. The main
guestions this perspective tries to answer are: Whiming what? Who is working with who?

What are the roles in an organization?

3. Data: the data perspective focuses on propertieagds. Cases can be characterized by their
path (control-flow) in the process or by the oraiors (organization) working on a case.
However, cases can also be characterized by thewaf the corresponding data elements. The
data perspective, also referred in some literadsrease perspective, tries to establish relations
between the various properties of a case. The quagstions this perspective tries to answer are:
How does data flow from one task to another? Whtd & influencing decisions? What are the
data-driven business rules?

This perspectives also bring some light on the rimgaof Process Mining and on the understanding

of the goals and objectives. Sometimes process lingdend Process Mining only associated with

the construction of flowcharts and business procksgrams, also known as control-flows. But

Process Mining is able to cover all sort of diffgrperspectives as referred before, not only céntro

flow (i.e. ordering of activities) by finding a gdaharacterization of all possible paths, but also

identifying the resources involved and their relaships by classifying resources in terms of roles
and organizational units (i.e. structuring the aigation) or showing the social network. This

perspective is very important as it allows the aigation to understand the different roles played i

a specific process and identify their relationshifise roles for a discovered process, for example

regarding customer order handling may include tiewing:

Customer Service Team

Customer Service Agent Leader

Customer Service Manager

Asset Planner Logistics Planner Procurement Manager

Supply Chain Manager Plant Manager Production Operator

Production Operator Credit Manager Shipping Operator

Diagram 10 - Organizational Perspective
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On the other hand, the data perspective can facuesxample on time (i.e. timing and frequency of
event) by discovering bottlenecks, measuring serkdgels, monitor resource utilization or predict
remaining processing time for running cases allgvtm characterize cases based on the values of

different related data elements.

5.5.Business Requirements
Before deciding to implement Process Mining techaijthe analyst should first try to understand
the business driver for this type of applicatiomisTmeans answering the business questions a
business director or officer would put. This meahs, Process Mining requirements are those that
determine its existence, what justifies its implaméon. So, what drives the Process Mining
implementation and investigation? Here are somthefquestions the business requires Process
Mining applications to answer:
1. Discover:
What happened?
How do things work around here?
What is the way or path?
2. Check:
Are we executing according to the agreed guidelipescedures and rules?
Are we meeting the requirements?
Are we in conformance with the law or agreed pples?
3. Review:
What are we doing wrong?
Where are we failing or stopping?
What are the bottlenecks?
Where are we failing?
Are there redundant or even unnecessary tasks?
4. Predict:
What do we expect will happen?
At what time will the case be closed?
Will it be late?
Will the outcome be good or disappointing?
5. Improve:

How can we change the outcome?
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How can we improve the probability of success?
Can we improve execution performance and effici@ncy
Where should we attack first?
Usually process modelling is more an art thanemsa. Answering this questions is much more than
running algorithms on that and returning metricsudlly process modelling depends on who is
describing, who is documenting, and their knowledgd bias of the real process. Process mining
intents to create the process model based on ifeabvents, that is, real business transactions
recorded in the systems, from order entry, to tmesiew, to production and product shipping and
invoicing. A lot of data is stored in the systenms financial or management purposes. This
information allows us to create real process modelsased of our previous knowledge of reality.
It tells us what the process is currently like lthge what has happened, that is real events. WYsuall
there are several problems with the standard psaveslelling approaches, namely:
1. Describing an idealized version of reality;
2. Over simplifying reality;
3. Inability or incapacity to capture all the detailsd human behavior;
4. Incapacity to drill down and up different degreégm@nularity (from macro to micro).

But, Process Mining should cover all this inakéitior limitations.

5.6.Process Mining Algorithms

If you start up ProM for the first time to try ostme Process Mining techniques on your data, the
number of available plugins (almost 300) can bentiag. Just to mine a process model you can
range up to 40 different plugins with the same gdgirocess discovery, from the theoretical Alpha
Algorithm, to the Fuzzy Miner, Heuristics Miner, @ic Miner, and in each of them having more
than one variant.

The several packages and associated plug-ins blesita ProM provide the user different features.
It would be good to have some kind of simple sunyraard comprehensive view of their main
functions, their level (basic or advanced), relaitips and connections between them, a debrief on
how they work, what are the inputs and output, Boclay the user may need to read a thesis, working
paper or equivalent for each and try to make soansesand build the big picture out of it before
making a decision. Or just try them all and makeecense out of it, if this is even possible. i th
next chapters we will bring some light on this mpiamely try to explain the main plugins. In this

section we will give an overview on the availablagins in ProM. To make this less theoretical,
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here is a small list of things you may find in Proid grey some of the ones we will describe or

mention further one:
Table 7 - ProM Plugin Short List

Type Function Name

Import Import Event Log ProM Log Files (Disk-buffered by MapDB)
Import Import Event Log ProM Log Files (Naive)

Import Import Event Log ProM Log Files (Lightweight and Sequential IDs)
Quality Prepare Event Log Add missing Events

Quality Prepare Event Log Add identities to log

Quality Prepare Event Log Add artificial events

Quality Prepare Event Log Add noise to log filter

Quality Prepare Event Log Calculate log meta data

Quality Conformance Check Check compliance of a log

Quality Prepare Event Log Concept drift

Quality Prepare Event Log Enrich log for temporal compliance checking
Quality Prepare Event Log Estimate Completeness

Quality Prepare Event Log Filter log by attributes

Quality Prepare Event Log Filter log on event attribute values
Quality Prepare Event Log Filter log on trace attribute values
Quality Prepare Event Log Filter log using prefix-closed language (PCL)
Quality Prepare Event Log Filter log using simple heuristics

Quality Prepare Event Log Fix attributes

Quality Prepare Event Log Fix timestamps

Quality Prepare Event Log Remove extensions from log

Quality Prepare Event Log Rename/merge events

Quality Prepare Event Log Remove events from log traces

Quality Prepare Event Log Prepare Durations for Correlation Testing
Conversion | Prepare Event Log Convert Cheetag Log

Conversion | Prepare Event Log Convert log to generator (tree-based)
Conversion | Prepare Event Log Convert log to generators (sequential)
Discovery Process Discovery Declare Maps Miner

Discovery Process Discovery Declare Maps Miner no Hierarchy
Discovery Process Discovery Declare Maps Miner no Reductions
Discovery Process Discovery Declare Maps Miner no Transitive
Discovery Process Discovery Data-aware Declare Miner

Discovery Process Discovery Discover matrix

Discovery Process Discovery Discover with ILP using Decomposition
Discovery Process Discovery Mine for a Petri Net using ILP

Discovery Process Discovery Guide Tree Miner (plugin)
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Type Function Name

Discovery Process Discovery Mine a Process Tree with ETMd

Discovery Process Discovery Mine for a Causal Net using Heuristics Miner
Discovery Process Discovery Mine for a Fuzzy Model

Discovery Process Discovery Mine for a Handover-of-Work Social Network
Discovery Process Discovery Mine for a Heuristics Net using Heuristics Miner
Discovery Social Network Mine for a Reassignment Social Network
Discovery Social Network Mine for a Similar-Task Social Network
Discovery Social Network Mine for a Subcontracting Social Network
Discovery Social Network Mine for a Working-Together Social Network
Discovery Process Discovery Mine Transition System

Discovery Process Discovery Select Best Fuzzy Instance

Discovery Process Discovery Fuzzy Animation

Discovery Process Discovery Convert Heuristics Net into Petri Net
Discovery Process Discovery Convert Heuristics Net into Flexible Model
Discovery Process Discovery Get Model from Pair

Discovery Process Discovery Remove edge points

Discovery Process Discovery Unpack Aggregate Type

Discovery Process Discovery Mine a Petri Net using Flower Miner

Predict Process Monitoring Operational Support Client

Predict Process Monitoring Start not another workflow language system
Review Performance Analysis | Perform Predictions of Business Process Features
Review Performance Analysis | PN Performance Analysis (interactive)
Review Performance Analysis | PN Performance Analysis (batch)

Design Process Design Start Process Tree Editor

Design Process Design Start Process Tree Editor Beginner

Design Process Design Test Driver - PLG Process Generator

As we can see there are dozens and even hundrpligyofs, but even more complex if to determine
their function in the whole process, and redungae#ecute process mining on process mining
techniques. You would probability find the pathvieeen the different plugins, like the ones that will

be followed in the case study:
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Diagram 11 - ProM Plugin Types and Relationships

A single package in ProM may contain several phgyand may depend on other packages or more
specifically plugins. For example the Heuristicakti depends on Flex, Log, Petri Nets and BPMN
packages and contains at least 5 plug-ins:
1. Visualize Heuristic Net with Semantics Splitil&loints
2. Flexible Heuristics Miner
3. Convert Heuristics net into Flexible model
4. Convert Heuristics net into Petri net
5. Visualize Heuristic Net with Annotations
It is not very easy to apply this techniques. Tir& fime the user may become overwhelmed with
S0 many options and won't understand how to stdihd valuable the time to figure it out. So, what
are the algorithm, package or plug-in types, graupimilies based on their scope, their features
and their outputs?
1. Control-flow discovery
a. Alpha Algorithm
b. Heuristics Miner
c. Fuzzy miner (non-structured processes)
c. Genetic Algorithm
2. Organizational perspective
a. Social network miner
b. Organizational miner
3. Data perspective

a. Decision miner
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In this chapter we will cover at least three of thest relevant plugins regarding Process Mining
Discovery Techniques, namely: Alpha Algorithm, Hetics Miner and Fuzzy Miner. There are

several technique types namely algorithmic, germtiegion based as shown in the diagram below:

Alpha Miner ]

Heuristics Miner ]
Algorithmic Techniques

Fuzzy Miner ]
Genetic Process Mining s e ]

State-Based Regions
Region-Based Process Mining

Language-Based Regions

Diagram 12 - Process Discovery Techniques

For example the Genetic Process Mining techniglienai be covered in this paper but it follows a
data flow like this:

R Initial Population R

\

I | Mutation |«.

/ /// \\‘\
Fitness Test [New Population } |

/ Children |~

\\‘\ // 4
‘{ Select Best Parents k
3 Crossover |-~

Diagram 13 - Process Discovery Techniques: GeneticiMng

Another note about the Genetic Process Miningdsith
1. Requires a lot of computing power;
2. Deals with noise, infrequent behavior, duplicatksa invisible tasks, etc;
3. Allows incremental improvement and combinationshvather approaches (e.g. heuristics
post-optimization).
Let us now cover three of the main algorithmic teghes for Process Mining. The Alpha Algorithm
was the first process discovery technique abledcogter concurrency. But the basic algorithm has
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many limitations including the inability to deal twinoise, particular loops, and non-free-choice
behavior. Basically the-algorithm scans the event log for particular patelike if event A is
followed by B but B is never followed by A, thenistassumed that there is a causal dependency
between A and C.
Many people have read about the alpha-algoritheoine paper, or in the ProM tutorial. The alpha-
algorithm is interesting from a scientific perspeet because it can be formalized in 8 lines and
because interesting properties can be proven aiibuBdt it may not be the best starting point.
For real-life logs, the alpha-algorithm is almoster the right choice. It won’t work, it will retara
result but not a good one.
To sum it up:

4. Mainly of theoretical interest. It is too simplelie applicable to real-life logs;

5. Does not address issues such as noise, etc;

6. Do not use as a benchmark;

7. Reveals the basic process mining ideas and con@ptees of code);

8. Reveals theoretical limits of process mining.
Taking another route the Heuristics Miner plugfitplements a heuristics driven algorithm, which
is especially useful for dealing with noise, byyekpressing the main behavior present in a log.
This means that not all details are shown to tlee aisd exceptions are ignored. The Heuristics Miner
plug-in mines the control-flow perspective of agass model. To do so, it only considers the order
of the events within a case. In other words, tlieoof events among cases isn't important.
The Heuristic Miner was the second process minliggrahm, closely following the alpha algorithm.
It was developed by Dr. Ton Weijters, who usedurisdc approach to address many problems with
the alpha algorithm, making this algorithm much ensuitable in practice.
Heuristics Miner is a heuristics driven processingralgorithm, that is, a practical applicable mupi
algorithm that can deal with noise, and can be tsecpress the main behavior (i.e. not all details
and exceptions) registered in an event log.
Event and executor relationships are determinedgusieighted frequencies. That is, how many
times each event is followed by another event wemby the number of times the event occurs as
a result of any event. A and B are subsequent # i€ followed by C two times, while B results in
C 8 times. The connections between B and C is g&mof80%) than A to B (20%). Therefore, to find
a process model on the basis of an event logpthsHould be analyzed for causal dependencies, for

example, if an activity is always followed by anatlactivity it is likely that there is a dependency

54



relation between both activities. In a practicabaiion we never know if a trace is noise or low
frequency. Heuristics Miner handles this usingehaeailable threshold parameters:

1. Dependency threshold;

2. Positive observations threshold;

3. Relative to best threshold.
Last but not least, the Fuzzy Miner is one of tbenger process discovery algorithms, and was
developed by Fluxicon co-founder Christian W. Géntim 2007. It is the first algorithm to directly
address the problems of large numbers of activéreshighly unstructured behavior.
The Fuzzy miner uses significance/correlation rostio interactively simplify the process model at
desired level of abstraction. Compared to the H#arminer it can also leave out less important
activities (or hide them in clusters) if you hawentireds of them.
To end this section it is worth to explain in sumynaow an event relationship is determined,
regardless of the technique or method used. Therar basic relation types between two events.
They are:

1. Direct Succession: X >Y (some case X is direatlofved by Y)

2. Causality: X ->Y (X>Y and notY > X)

3. Parallel: X||Y (X>Y and Y > X)

4. Choice: X#Y (not X>Y and not Y>X)
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6. Execution

6.1.Introduction

In this chapter we will cover the execution of tbhaése study. We walk through the whole process
from identifying the data sources, converting thgadnto the required format, importing it into the
ProM tool, review the event log and execute Proddssing techniques, namely discovery

algorithms.

6.2.Sources of Data

There are several potential sources of data fantdags, but in most of the companies they may not
be easily available or convertible. ERP and Womkflmanagement systems would be the most
probable choices, but ERP systems are more usedoamahon, therefore developing methods and
mechanisms to pull, transform and convert data ftbenorganizations top management system
would be the best choice for anyone starting anating to sell the idea of Process Mining.

Process Mining tools can be fuelled by any evegtifotransactional information systems ranging
from WFM, ERP, CRM, SCM, and B2B systems, the dleddrocess Aware Information Systems
(PAIS). But still the ERP systems are the most comlgnavailable and reliable source of data for
Process Mining in most companies. Available aniioéd because it supports most of the financial
reporting obligations. To sum it up ERP systemsbargness management software, usually a suite
of integrated applications, that almost every bessnorganization implements to collect, store,
manage and interpret data from a wide range ohlagsiactivities. Although process oriented tools
like Workflow Management and other related BPM spatcluding Process Document Management
tools would be the best sources of data for Proglsisig, most of the times these applications are
absent or cover only partial processes.

There is a wide range of ERP systems availableiaad by most of the companies in the world like
SAP, Oracle (JD Edwards), Sage, Microsoft Dynar(idavision), Infor and many others. In 2013
SAP, one of the most used ERP systems worldwidehbdabout 29% of the market share. Almost
40% of the market share belongs more than 20 diffemanagement systems and none of the
mentioned ERP software solutions. Big companies imgyement different management software
to cover different processes, for example Finamddéuman Resources may be covered by different
solutions.

There are more than 100 Workflow or Business Psodéanagement (BPM) tools that feature
different functionalities like Approval Process @ah Asset Management, Automatic Notifications,
Configurable Workflow, Dashboard, Event-Based Nedifions, Graphical Workflow Editor, Help
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Desk Management, Resource Management and Useritgdthonitoring. Not all of the solutions
cover all the features described, but mainly tH&eint from the common business management
systems (ERPs) is that BPM tools are focused imanipg corporate performance by managing and

optimizing a company's business processes.

6.3.Available and Reliable Source

The ERP system may be only one of the availableceswf data, but probably in most cases it is
the only reliable one. Most companies don't invedProcess Workflow Management systems that
are really process oriented, not like ERP systdmas are accounting oriented. Sometimes this
management tools, when implemented, only coverspairtthe process that are not adequately
covered by the ERP. This tools may be disconndobed the main process of the ERP system. The
disconnection will happen because the systems petodifferent vendors, have different corporate
owners or are technically hard to connect. In tedget world a perfect system would allow an
organization to manage and enforce a process, tageadocuments and records and at the same
time support accounting, management and reportiig,concept would probably substitute the
current known ERP systems. Reality as proven thietat least a bit difficult task. There are aste

a few big differences regarding accounting and mameent, financial and management reporting.
The focus and objectives are different and sometisneen incompatible. On one hand the first
desires transparency, to build an accurate pictiitee company, but management may want to do
another analysis to help and understand the bssinawrore detail, creating performance metrics,
outlook of events and a better understanding peestte at the light of new rules. Agglutinating both
concepts in a system would be so complex and diffiw maintain, that it probably will never
happen. Most times, the systems only complememhgbbes and cover different parts of the
process. If they were perfect substitutes thereldvbe no reason to maintain separate systems and
duplicate the work and record keeping for both aoting and process management. On the other
hand, such Business Process Management toolsatinglement the ERP systems are too expensive
to buy and maintain for the majority of the comganiYou would need specialized workers or
consultants to maintain the system and pull relesad valuable outputs. The problem for Process
Mining is that the ERP systems being in most cdbesonly reliable data source are mostly
accounting oriented, that means the ability thektddlocuments and follow the process end-to-end is
not mandatory, that is the user does not needltmwf@a specific, restrict and clear process flovthwi
defined logic and process oriented rules and alsptocess flow may not cover all the relevantgask

like reviews, analysis, decisions, approvals, &tiditionally the system may have process gaps and
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back doors that allow users to bend the rules tarttlard defined procedures. This happens all the
time, even though everyone promises that the systehullet proof or at least everything the
company owners want and need. For example, if deq@ately configured it is possible to invoice
a fully delivered order with differences in the iomed, delivered and invoiced quantities without
any need for formal approval and justification é@a code) to allow an adequate audit or process
review. That means ERP system configuration wheredoosely will allow inconsistencies in the
process. Another example of this type of gap andnsistencies is the execution of the sales return
without the need or requirement to allocate ankl ilirio the original order document. This means
we would lose the full picture of the process arelRrocess Mining results would be found useless.
Or not... on the contrary, this is where the Proddssng tools and techniqgues may come handy
and prove useful and value adding to the comparnth ssimple demonstration the process owners
will find all the gaps, inconsistencies and non-ptiant events, allowing them to act on it, with the
full knowledge and understanding of what, when, wityo and how it happened. So bad information
sometimes is a good thing if it reflects what ne&thppened or even problems and missing controls
in the system, therefore allowing to enforce newtiads, adjust the configuration of the system and
improve the process.

The processes are not perfect and do not represactly and all the time the utopia that consugtant
and managers define. It takes only a change ireg ursa rule, in a behavior, in a decision, in the
process to make create a different process flow.nidimal standard processes will follow a normal
path, but the true value is in understanding whatat normal and known and be able to act on it.
We could be talking about the need to review tloegss design to include new possibilities, fraud
or undesired behavior detection, process improvemgortunities or finding ways to explain the
past and predict the future. This means for exantpgesystem process flow may be non-compliant
with internal and external regulatory requiremehtsking at the true process flow, understanding
the gaps, the turns, redundancies and differemthlas will allow us to fix the systems or teach th
users how to properly develop the process.

Understanding that the ERP system has a lot of gagsholes. Although not the best solution for
process mining is the only reliable source of datdoes not enforce a process workflow allowing
as many process event combinations imaginatiorcopa with. And there is no clear, unique and

simple interpretation and comprehension of theesygirocess flow.
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6.4.SAP and ERP definition
At this point, before we go any further, we shoulilerstand the meaning of ERP system and
specifically SAP. SAP means Systems, ApplicatiorsRroducts in Data Processing and is the third
largest software company in the world and the lstrgesiness application and Enterprise Resource
Planning (ERP) solution software provider in terofsrevenue. Founded in 1972 as Systems
Applications and Products in Data Processing, S&darich history of innovation and growth that
has made us the recognized leader in providingalcothtive business solutions for all types of
industries.
In a more broad sense, Enterprise resource plafBRB) is business process management software
that allows an organization to use a system ofgmatied applications to manage the business and
automate back office functions. ERP software irdegg all facets of an operation, including product
planning, development, manufacturing processess sald marketing. It is a business management
software (usually a suite of integrated applicat)ahat a company can use to collect, store, manage
and interpret data from many business activiteduding:

1. Product planning, cost and development

2. Manufacturing or service delivery

3. Marketing and sales

4. Inventory management

6. Shipping and payment

6.5.ProM Inputs
In this section we will cover specifically the dgfion of the Event Log input file, namely its
dimensions. That is, we will deep dive on the d&éin of tables and fields that serve as inputs for
the creation of the MXML file.
To sum it up there are four tables, two main tales with the list of case and another with the li
of events assigned to each case, and two secotaddeg with possible additional attributes about
the cases or the events. The tables and fieldsstrd below:
1. Process Instances: list of process instances (easgscustomer orders, patient admissions).
This table contains:
PI-ID - identifier of a certain process instancarfiary key)
Description - process instance description (if egablle)
2. Data Attributes Process Instances: additional médron about each process instance (data

attributes). This table contains:
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PI-ID - identifier or a certain process instanaaéfgn key)
Name - name of the data attribute
Value - represents the value of the data attribute

3. Audit Trail Entries (Events/Tasks): data about sasiat have been performed during the
execution of a process instance. This table cositain
PI-ID - identifier or a certain process instancaéfgn key)

ATE-ID - unique identifier for each audit trail ept(primary key)
EventType - event type, e.g. start, complete

WFMEIt - name of the task

Timestamp - time in which the task changed itsestat

Originator - person or system that caused the ahanthe task state

4. Data Attributes Audit Trail Entries: covers additad information about each audit trail

entry. This table contains:

ATE-ID - unique identifier for each audit trail ept(foreign key)

Name - name of the data attribute

Value - represents the value of the data attribute
To run the first Process Mining iteration you onBed to fill some of the information, namely Case,
Event and Time. If possible add the Originatofatilitate the follow-up actions. Let us take asgo
look at each of this main dimensions.

1. Process Instance or Case ID: a case is a speusfarice of your process. In this case study
we look at the sales process therefore handlingaifer is one case. Each event needs to be
mapped or referred to a case allowing the procéssgtool to compare several executions
of the process. This is used to uniquely identi§yrayle execution of your process. The range
of the case, that is, from where it starts to wlieeads determines the scope of the process
analysis. With this said you may look at a groupeeénts and determine different cases
depending on the process perspective or the sanpe/gnt to address. So you look at each
customer order as an individual case or you mayt wesee every order item for more detail,
that is, every product-to-customer combo, or yow mant to look at the customer
perspective. You may also want to look at delivaiyeduling and look at partial or bundled
deliveries and in depth analysis of carrier sejigeutes, delivery times and supply-to-

demand balance (evaluate your ability to serve),Fair each specific analysis you may need
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to create different subsets of the Event Log, ui$ierdnt granularities or change the
perspectives of the analysis.

Activity or Event Name: one step in your process gixkample Design, Create, Update, Test,
Submit, Approve, Deploy, Request Rework, RequeshaBoement, Revise, Publish,
Discard, Communicate and Archive. The steps mayrog@any times and/or they may not
occur all in the same case. A case may be compafsedevant and irrelevant events that
may be considered noise. This may imply the needi&ba cleaning. It is the event that
determined the level of granularity or detail. hler handling you may look at each order
as a whole (it contains several supply requests) each item in an order and every load
and pack process (may be several for each supplese if the delivery is split because of
pure volume reasons, carrier requirements, trategpmm limitations or supply/stock
insufficiency to supply the full order).

It is possible to cluster the activities by regieaurce (direct electronic, sales professional,
service agent, etc), asset group or product familgtomer service team, business unit, etc.
In this cases the activity name needs to be conddmgéoth the operation or execution and
the additional differentiated attribute (e.g. besis unit, source, function role, sales office).
The resulting process flow will then be dividedthg additional attribute and you'll end up
type A orders and type B orders with potentialatiéint paths.

Event Timestamp: this determines when the evert ptece and also the sequence / order
of the events in the same case. For example, frateng events or activities this will
distinguish which event took place first and weard¢he whole flow. The time of the events
allows to determine the sequence in a processicestidt is the order attribute. An event or
activity may be composed of several events or diffetasks depending on the level of
granularity you look at. If an activity is composefcboth start and finish time you'll be able
to determine the processing time for each activétyent, that is, the time spent by a specific
resource in the execution of a particular task.

To sample a good process you may need to usentestamp to select and frame a specific
period in time. The minimum should be 3 months, &b 9 months would cover almost
every chance of seasonality and spot behavior. fidesls to be revised depending on the
volume of activity and the specificity of the indysprocess.

Originator or Resource: each activity is execute@ lspecific role, group of people, team,

cost center, function, department or individualraper. This dimension helps you determine
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who performed or handled the activity or task. Tdusld be also a good way to split events
by type taking into account the function that exeduthe task. Important or premium
customer may take more time and specialized agewtsechnical expertise and even more
tasks and approvals, while C customer may havaralatd streamlined execution process.
Other dimensions or attributes may be included,ataitine value of the order, the product
category (e.g. product hierarchy, brand, classstag®up, origin group), business unit,
customer group or parent DUN, etc. Process Instiafeent and Time are the base and
required fields, all other, including the originatw resource enrich the analysis.
The Event Log MXML file is the base input of Provafework tool. Let us take a close look at its
basic structure. This is particularly useful foogk developing new ways of creating this file from
raw or converted system data using different tyjfe®nnections and hosts (e.g. ODBC Connection,
Proprietary System Connectors, SQL Databases) withsing ProM Import (free) or Disco (not
free).

- <AuditTraillEntry >
<WorkflowModelElement>reject </WorkflowModelElement >
plete</EventType>
m7-03-30T00:00:00.000+01:00-:Twm-:»stan‘p*
Tt s

- <AuditTrailEntry >

<WorkflowModelElement>invite reviewers </WorkflowModelElement > MM%_
esstart</EventType> EventType
<Timestamp>2006-08-31T00:00:00.000+01:00 </ Timestamp > Timestaml
<Onginator>Anne </Originator> Qﬁr!ﬁ!natg;
AuditTrailEntry>
AuditTraillEntry >
orkflowModelElement>invite reviewers </WorkflowModelElement>

tType>complete</EventType>
stamp>2006-09-01700:00:00.000+01:00</ Timestamp >
ator>Anne</Originator>

AuditTrailEntry >
<AuditTraillEntry >

<Data>

<Attribute name="result’ >reject</Attribute>

</Data>

<WorkflowModelElement>get review 2 </WorkflowModelElement>

<EventType>complete</EventType>

<Timestamp>2006-09-017T00:00:00.000+01:00 </ Timestamp >

<Onginator>Pete </Originator>

AuditTraillEntry >
<AuditTrailEntry >
<Data>

<Attribute name="result" >reject</Attribute>
</Data>

A A

odelElement>get review 1</WorkflowModelElement>
tType>complete</EventType>
tamp>2006-09-05T00:00:00.000+01:00</Timestamp >

v
Diagram 14 - ProM MXML File Structured (Technical Specification) v
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Disco has a demo version available that allows dfl§ events per file. And even with a paid
versions you still need to track the origin of gvdocument and put it in a list layout in accordanc
with the requirements of the tool you wish to uskapping additional attributes needs a depth
knowledge and understanding of all process reltblks and the respective matching keys. For
sales and distribution process in SAP there areertian 20 related tables with different pieces of
the puzzle. Activity records are scattered throongimy tables. Several tables from the standard sales

documents to delivery and billing documents. Thiit e covered in the next section.

6.6.ETL Process

This case study focused on the SAP Sales and Ritith process, specifically order handling.
Before running any process mining technique youwneddentify all the main and relevant tables,
understand the relevant contents and relationsimgsreated an Event Log out of it. In other words
and relating to the case of this paper to idernkifymain tables is to list them:

VBAK (Sales Document Header);

VBAP (Sales Document Item);

LIKP (Delivery Document Header);

LIPS (Delivery Document Item);

VBRK (Billing Document Header);

VBRP (Billing Document Item);

VBBE (Sales Document Business Requirements);

VBEP (Sales Document Delivery Schedule Lines);

VBUK and VBUP (Sales Document Status Header and)ite

10. VBFA (Sales Document Flow).

This are the standard tables that contain mogteofelevant information about the sales process in

© © N o g pr w NP

SAP, from order to bill. The process is obviouslhfithe more complex and may differ from
implementation to implementation, having more @sleontrols and steps in the middle, but the
standard tables remain the listed. All this tabtese all the sales document attributes and
characteristics and allow the users to follow-upg-t-end, on the documented process in the
system. The only restriction to create a process fir event log with all this transactional data an
document information is to understand which docusiprecede or follow in each step of the process
and associate them to a specific case or procsissice. For that the system needs to have a specifi
configuration that records the document flow. Téuent relationship table is called Sales Document
Flow recorded in the standard SAP table VBFA. Withib the Event Log creation effort would
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become quite difficult. This table contains all trecking, preceding and subsequent document flow
in the system, allowing the user in the front-epdlization to have a quick and simple view for each
document selected, namely what are the following) mreceding documents and their status. We
should make a translation at this point and undadsthat each document generated in the system
represents an event in the process. A customertiaskgmpany for a price or budget (quotation),
this produces an inquiry document in the systenciwis followed by the creation of a quotation
document. This may result in a sales order, a @sljwicking list, packing and loading, shipping
and finally a bill document. The following diagrama very simplistic view of the SAP Sales and
Distribution process flow:

Sales and Distribution (SD)

Inquiry

Quotation Contract

Free of Charge
Free of Charge & Scheduled
. — Subsequent Returns
Delivery K Agreement
Delivery

Delivery

Debit Memo Billing Credit Memo

Diagram 15 - SAP Sales and Distribution Process Degi

In this diagram we can also see that other SAP teedmay come into play, namely Material
Management (MM) for Goods Transfer and Issue arabofse Financial Accounting (FA) when an
invoice/bill, debit or credit memo is produced amtounted for as a result of the sales process.
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The ETL process consists in picking up the extht files, mainly table dumps, from the source
systems, if no ODBC or other automatic connectavailable, selecting and formatting the relevant
data and creating the ProM input tables that aseri®d next.

Although this may seem simple, it is in fact theviest part of the work, because the information
may be scattered through a big number of tablegpithcess miner needs to have a great knowledge
and understanding of the real process and howytiera records and documents this process, which
tables are used to record those events, whictharestevant attributes, their data types and how to
relate all the information in a comprehensive wagreate a simple event log with all document flow
sequentially listed with all the major attributeapped.

In my application we need to explode all relatedrgs or system documents. Each document in the
system is a recorded event, but the system doesreate a simple audit log, it only relates two
events per line in the Sales Document Flow. Thiamaseve need to find the first document in the
process and drill it down till the end of the presén a loop routine or script that associatesyever
related event to the same process instance creatiagdit log of all the related documents.

For you to have the full picture of the sales evilmtv you need to join two perspectives, the
document flow and the document data. The first gimes you for each document its preceding

document. The second one gives you all the ddtailsach document.
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Order
Doct e
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v
|
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Event Log

Diagram 16 - Data Flow Diagram
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Using a recursive program you'll be able to asse@gery document to single and unique case based
on the individual link between subsequent and mliecedocuments. Start from the document /
record that does not have any subsequent eventmhyupreceding. From that one drill down and
uncover the whole trace of events. When you haae dkeleton fill it with the meat from the
document data that may be scattered through méatgdeables. This data will tell you every detail

of each single transaction.

/ - Access Database\
Description

Process Instances
S
- ProMimport - MXML File »

Attributes

Event Entries
Attributes

Diagram 17 - ProM Import Method

The main table is called Process Instances, teehn&me Process_Instances (1). It is the listlof al
Process Instances and determines all the Processgvprocess flow diagram creation. If we have
events that are not connected to an existing psaostance they will be excluded from the analysis.
It is the index of all events in the audit traildomcument flow.

Associated with the Process Instance table we th@v@rocess Instance Attributes (2) table is named
Data_Attributes_Process_Instances and should coaliaielevant characteristics and attributes of
the process instance itself. In this case eacls gatecess flow is a process instance, this means
attributes would include the type (sales order,@arshipping, product return, etc) the value and
volume of it (net weight, gross weight and expeatnue win or loss), and others. This is not a
mandatory table, this means to create a procesgilogram this table doesn't need to be populated.
The second most important table contains the Psdossance Event Entries (3), that is to say, the
Process Audit Log and is named Trail_Entries. htams all events for each process instance, the
type, timestamp and originator. It is in fact tie bf sequential events in a process instance.

The last table is the Event Entries Attributes, edata_Attributes_Trail _Entries (4) that includes
all additional attributes relative to the eventgath process instance. It is a list of infiniteiladtes
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like the type, duration and other characteristicthe event. The table is composed of the event id,
the name and value of the attribute. This is noaadatory table, this means to create a process flo

diagram this table doesn't need to be populated.

The names of the tables are irrelevant for ProMairh his means, when creating the source tables
from ProM Import only the layout and data typesratevant for the process, in the setting you can
refer to whatever name you which to give the tabileshis application the source tables are:

1. Process_Instances

2. Data_Attributes_Process_Instances

3. Trail_Entries

4. Data_Attributes_Trail _Entries

In a nutshell you need to successfully extractveete raw data from the source system SAP,

transform it in to an Event Log, in this case parfed using Access and VBA programming, convert

it into the input format MXML and import it into BM, before being able to run any algorithm and

sharing the results. The whole process is showneiriollowing diagram:

Source System Extract Transform and Load (ETL) Process Mining Report

SAP ERP Access DB Event Log ProM Excel or

MXML File Framework PowerPoint

Diagram 18 - Flow from ERP to ProM

In this case study a method was developed usinggsoQueries and VB programming. This allowed
to link the different SAP tables, select and rendhmerelevant fields and develop a routine that

allows the construction of the Event Log. This mogtis explained in the next diagram:

Select Sample Determine Start Point Create Event Log Create ProM tables

Sales Document Sales Document Sales Document
Flow Flow Sample Flow Starting Point

Sales Event Log Process Instances

Data Attributes

v Process Instances
Drill down Process
Other Sales Instance
Document Tables Event Trail
_A_dd or pOPU|ate SAP Document Sales Document
additional attributes Tables Data

Data Attributes
Event Trail

Sales Document Data Compilation

Diagram 19 - From Sales Document Flow to ProM Tableghe drill method)
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Understanding the data structure and sources ofnration (system tables) and their role in the
whole analysis is the most critical and probabéyriost difficult step for Process Mining execution.
This statement applies not only for Process Mingapniques but for all Data Mining and Business
Analysis jobs. The ETL (Extract, Transform and Lpé#al the foundation of any business data
analysis. Sometimes this is done by external ctenrsisl or engineers that don’t really understand the
business process or how to interpret the datarantbst cases don’t have a clear vision or opinion
about the desired outcomes of the whole data asiddss analysis practice. They are not responsible
for the outcomes, sometimes they don’t have comtdhtthem or receive any end-user feedback, so
there is no reason for them to cross that bridgevd®n the creation of raw data and the business
analysis. This in the end results in poor quakiy data and even worst results and reports.

The first step for good quality raw data for PrachBning is to understand the different sources of
data available for the same process. Recognizdiffieeent structures, layouts, formats and how they
complement or substitute each other. Find that smueces can and others cannot be used to produce
adequate raw data, in this case an Event Log fuvifFiramework Tool. Some sources are structured
and can be related and easily mapped to the bgspmesess, but many other sources are bits and
pieces of information with ambiguous connectiongh® process itself, not allowing the Process
Miner to take full advantage of all the relevanfoimation available. For example, writing a
comment about a business contact, an opportunihsiht in a piece of paper, even if the comment
is really important and relevant to the processisisless if there is no adequate relationship aith
process instance or is in an invalid format. Irs ttdise paper or notebook notes would need to be
optically recognized, text mined and linked to m@fsthe process maintained in the system. In most
cases the cost is too high and it would be prefermbmanually add the information in the system.
Most times the information is lost, it belongs e fTribal Knowledge category and is recorded and
archived in the brains of some people, and a gaiuced in the process. Most departments prosper
with Tribal Knowledge, because that allows thersdore as the bridge for that gap and appear more
valuable to the company. Besides notes in a notehtso the general use of flat files by different
process contributors as well as other softwarestdpersed in the organization to fulfill specific
tasks and complement the ERP systems in fragméntheoprocess may not in the end be
undoubtedly linked and used to map and understaddmplete process flow. That means in most
cases we will have a process full of holes. Wit #aid, when using the company’s main system,
usually the ERP or accounting system, it is critioshave the correct and complete understanding

of the document process flow in the and other edlabftware tool and sources of information that
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cover the process flow, understand the logic behaowdthe records are created, archived and tracked
and how to interpret the resulting data. Thereoisnachine intelligence that allows a data miner to
blindly extract data from files, libraries and srstdatabases, hope it is compliant with the netds o
a Process Mining tool and support Process Flow Raimagwithout any previous understanding,
mapping, transforming and cleaning. That would Igeeat misconception concerning Data Mining
and Business Analysis work. Many think that theilatde software solutions allow us to pick up
random pieces of data, pull them together withowt previous understanding of relationships,
layouts and contents and build reports and outpitsa push of a button or swing of a magic wand.
Because of this in the last weeks I've spend afltitne reading about the SAP Sales Order Process.
Found that sometimes even consultants, developdrasers don’t agree or have a clear and simple

vision of specific parts of the process in the systaind relevant concepts for its understanding.

6.7.Event Log Review

Once you have created an event log and openeBibM, you may want to clean, enhance or change
it in some way. This is usually referred to as BEveary Filters. This filtering is done for two main
reasons: cleaning the data or narrowing down tredysis. Sometimes there are also technical
reasons, like plugin requirements, that may reqiheeuse of a filter before running the algorithm.
This filters change the event log in four ways:

1. Remove process instances (cases)

2. Add events

3. Remove events

4. Modify events

The first one is clear. You may filter out someasabased on different attributes, for example, take
out a specific type of customers, products, congsmitc. This task can all be one by removing some
types of events. With that said, let us cover thsids on this topic and develop a little more the
subject, specifically adding, removing and modify&vents with some practical examples.

To Add Events implies you enhance or extend yoe lEagnt Log, this can be done for example by
adding artificial start and end events. This is afidhe most important event log preparation
techniques. Most of the event logs will show evewgnt connected to each other, not being clear
where the process starts or ends, because aiti@stiare connected. Therefore you can createaa cle
start and end point in your process model, youusanthe so-called Add Atrtificial Start Task Log
Filter and the Add Artificial End Task Log Filten ProM for this effect. After executing the plugin

you may verify the results in the log inspector god will find a Start event connect to the event
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were most cases start or the event that nevepraslacessor, depending on the method. In fact, some
of the mining algorithms (such as the Heuristicenjrassume that there is an identical start and end
event for each case. So if you don'’t use this tieglenthe quality of the result may be reduceds It i
strongly advised to add these start and end eirentest situations.

Regarding the Remove Events type in most casem#ists in filtering out case. You won't really
wish to ignore events in the process, you can simlpister them in the discovery process, but you
may want to filter out incomplete cases. So regaydhis topic you may filter out cases by filtering
cases based on how they start and end. Insteadlioigeartificial start and end events you may delec
only those process instances that start and/oméhdparticular activities in the first place. Afte
extracting data and producing an event log oneadtga extract of the complete process logging in
a particular time frame. So, the event log mostllikcontains some process instances that are
incomplete because they were started before tleeaddtact begins, or they were not yet finished
when the data extract stops. To clean up your glagiashould remove those incomplete process
instances from the log. This way you may determihih is the real and end events for your process
and throw away all cases that do not fulfill thitefing criteria. This can also be done when prigygga

the Event Log.

The last event changing task you may perform isiide/ents. For example, use the remap element
log filter. This one is also useful and quite pofkerYou can remove or change the name of events
based on regular expression matching. This is h#ngyu have several low-level events that you
would like to project on the same higher-leveldtti This is a kind of clustering, you put several
low-level event in the same umbrella. The previdoves you the effect of your matching rules, so
you can check whether you got the expressions whken you try it.

Another modifying tasks you may perform is filtagiduplicate tasks. This filter removes direct
repetitions of events with the same name. You a@nituf you need to get rid of duplications, or if
you have used the remap filter mentioned befomiobine several lower-level activities into one.
Using repetitions-to-activity filter adds a staridacomplete event to each activity, allowing to
execute performance analysis and collect performanetrics, attribute value filter the is used to
keep only events that have a certain attributeevalu

Process instance length filter if you wish to foamsthose cases that needed more activities than
others to be closed, namely to cover and understamadrk cases, this filter lets you specify which

process instances to keep based on a threshole gqruimber of events in the sequence.
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With the enhanced event log filter both events pratess instances can be filtered based on an
activity-based frequency percentage threshold. iBhiseful if there are hundreds of different egent
to, for example, focus only on activities that aticumost of the cases.

To finish this topic we are left with one last evéay potential filtering technique called eveng lo
split up. There is no specific log filter to peniothis task, but you may use LTL Checker plug-in.
This will allow you to split an event log in twods, for example one log that contains all instances

that executed a specific activity "A" and a sectogdthat contains all the other instances.

6.8.Algorithm Selection

Each algorithm and/or ProM plugin may require dife features in the Event Log, for example.
Heuristics Miner does not need the Event ID, iteein the timestamp to establish the trail. Each
plugin may require different information or inpwt be run effectively and the same event log
requirements may change from algorithm to algorithptugin to plugin. For example, Heuristics
Miner doesn't need the Event ID, only used the Etamap to relate events. Do not use the Alpha
Algorithm. It is a good theoretical basis, but wiib practical relevancy.

1. Fuzzy Miner: the Fuzzy miner is one of the youngercess discovery algorithms, and was
developed by Fluxicon co-founder Christian W. Géntim 2007. It is the first algorithm to
directly address the problems of large numbers ativiies and highly unstructured
behavior.

Input: Event Log
Output: Fuzzy Model

Application scope: complex and unstructured lo@aatobjective it to simplify the model
in an interactive manner

About the algorithm:

The Fuzzy miner uses significance/correlation roettd interactively simplify the process
model at desired level of abstraction. Companati¢ Heuristic miner it can also leave out
less important activities (or hide them in clustéfryou have hundreds of them.

Known limitations:

The fuzzy model cannot be converted to other tgb@socess modeling languages, but you
can use it to animate the event log on top of taated model to get a feeling for the dynamic

process behavior.
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Figure 2 - ProM SAP Order Handling Fuzzy Mined Model (Example)

You can really manipulate almost every parameteadjoist the granularity (cluster non-
significant events) and other fitness variables

Heuristics Miner

Input: Event Log

Output: Heuristic Net

Application scope: This algorithm should be usedemwineal-life data with not too many

different events, or when you need a Petri net ifodéurther analysis in ProM (as a starting
point to run another algorithm).

About the algorithm:

The Heuristic miner (previously Little Thumb) dezss XOR and AND connectors from
dependency relations. It can abstract from excegtibehavior and noise (by leaving out
edges) and, therefore, is also suitable for maalylife logs. One of the advantages is that a
Heuristic net can be converted to other typeseégss models, such as a Petri net for further

analysis in ProM.

Figure 3 - ProM SAP Order Handling Heuristic Net (Example)
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Using the Heuristics Miner with a lot of event diins is not a good thing. It thinks the second
delivery item follows the first delivery item whdaoth come from the order, but because of the date
and time in the event it tries to infer they aramected.
3. Multi-Phase Miner
Not tried in this case study, the Multi-phase minass the first algorithm to explicitly use
the OR split/join semantics, as found in EPCs, Bnglit to express complex behavior in
relatively well-structured models. It was developgdr. Boudewijn van Dongen, a process
mining veteran and longtime leading developer ofMPr
Input: Event Log
Output: Event-driven Process Chain (EPC)

Application scope: simple and structured log daiz you want to export the mining result

to Aris. The Multi-phase miner folds XOR, AND, af@R connectors from so-called runs
and displays the resulting model as an EPC. The &CGhen be exported to Aris (e.g., in
Aris graph format) and further processed from there

About the algorithm:

One of the advantages of the Multi-phase minehad it constructs a model that always
“fits” the complete event log (more on that in gelgpost). However, it is seldom useful for
more complex processes because the model becomsslable.
Social Network algorithms were not covered in tlase study. Also, there are a lot of log filteog, |
enhances and log cleaners that can be used befibedtar running different plugins and algorithms.
In the previous chapter we've covered the basiofisome relevant plugins available in ProM. For
example, regarding log conversion, cleaning anégeoément you have such plugins as:
Table 8 - ProM Event Log Preparation Plugins

Name

Add missing Events

Add identities to log

Add artificial events

Add noise to log filter

Calculate log meta data

Check compliance of a log

Concept drift

Enrich log for temporal compliance checking
Estimate Completeness

Filter log by attributes
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Name

Filter log on event attribute values

Filter log on trace attribute values

Filter log using prefix-closed language (PCL
Filter log using simple heuristics

Fix attributes

Fix timestamps

Remove extensions from log
Rename/merge events

Remove events from log traces

Prepare Durations for Correlation Testing
In this case study we used the “Add artificial e¢mo add a start and end event to our base event

log before each discovery run.

6.9.Execution Guide
The execution of Process Mining follows a definetl & steps, starting from the identification of
the data sources, extracting and converting that daporting and running programs or algorithms
and interpreting and making decisions based omedts. Every adventure and effort has to have
an outcome or impact in the organization, this gsjcsupports and sponsors the implementation
project. For Process Mining to be worth a whileitst allow a company to improve process efficient
(less resources) and effectiveness (more goalsinatighte risks (low risk of failure).
If you are trying to apply Process Mining this ieeve you should start. In this section we will aove
the 10 step method for executing and applyingtdgbniques:
1. Select the process or scope:
Pick a process that you want to analyze. This m®ahould be clearly defined, i.e. you
know the flow in advance, and it should be a commod frequently executed process. If
possible start with a quick-win, that is, a procthsd is simultaneously simple, relevant and
has margin to improve. Simple means less combimgatémd different flows or traces from
the starting events till the completion of the cadeere are several perspectives and ways
of defining the business process scope. In this sagly we've selected the Order Handling

process that is a subset of the Order to Cashmstiéau could eventually look at it this way:
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Diagram 20 - Process Scoping

2. Define the questions you want to answer:
Want to discover the process?
Want to obtain some performance and execution osetike the most frequent and/or
slowest paths and identify the activities respdedir it?
Need to discover and review the organizationalcstine namely the flow between the
different departments?
The questions above will determine the next stegt, i, what to look at.

3. Determine which systems and other files supporptbeess:
Follow and walkthrough the process to identify weseents are recorded through the
organization. All IT systems involved in the exaontof the process are candidates, they
should contain relevant data. This systems maydwctoftware like ERP, CRM, WFM, etc.
Other customs tools, spreadsheets and databasdsemagd to obtain relevant information
about the execution of the process. The data wikdattered amongst several sources and
even in the same source through several tablesddtaemay be stored in databases or flat
files. You may not be able to simply extract an iiMeog, Document Flow or Audit Log.
Firstly you need to configure each system to resuch data, that is, save the execution
steps of the process, namely the preceding andegubst events (trace), timestamp,
originator and case or process instance, the undtpndifier. Even a big ERP may not have
this by default, so alternatively or complementasy may need to construct your own event
log based on transactional data, just need totfiadink between the records.

4. Extract the data:
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After identifying the data requirements you nee@xtract it in a form of a data dump that
may be used to create the MXML input file. In thisp you may also need define the time
frame of analysis. 6 to 3 months is a good sanfpleto capture the full process life cycle
you may need to extract a full year for example.

Structure the Event Log:

After extracting the data from the source systemsneed to convert it into the right format.
In the case the information is not an Audit Logayou may also need to do some additional
conversions and even recursive programming to &dsogach associated event to the same
case. In the end of this process you need to ceetitble that contains at least the Process
Instance or Case Unique Identifier, Activity Nammelalimestamp. The user or originator
and the activity identifier may also be useful twieh the final results.

Create/construct the Event Log MXML input file:

There are several tools that help the analyst ta dser convert a file format from CSV,
Microsoft Access Database Tables or even basechddBC connection directly to the
source systems into MXML file. Tools and applicagdike XESame, Disco, ProMimport
do the trick. Use a licensed application like Diseahe free and available options ProM
Import and XES tool or create your own tool withvdthout complementary usage of an
existing free tool. For example, in this case sfudyoutine was developed to first put the
information in the right format and second assecich event to the right case before using
ProM Import to create the MXML input file. Applidats like Disco may facilitate the work
but at a price. When creating the Event Log yourieknow the basic required fields: case
identifier or process instance, activity or eveame, resource / agent or originator and
timestamp or time reference for the event. If thent runs for a specific duration you may
want to specify the start and end time;

Import / Run the Event Log MXML input file in ProM:

This means you can now open the ProM tool, sefectmport option, and load the log file
in ProM. Select one of the available import pluging the Sequential;

Inspect the Event Log:

After loading the event log file it is necessaryldok at the result of the load. Namely the
number of cases, the number of events, the nunobeiferent events, the average number

of events per case and its distribution, the nunabariginators, the start and end that to
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validate the time frame. You may also look at sfieeivents in detail using the Inspector

option. Here you may see the full sequence of eviergach case;

Figure 4 - Event Log Inspection

9. Mine a Process Model:
Start with the Heuristics Miner and Fuzzy MinereTddvantage of the Fuzzy Miner is that

it allows the user to change the parameters ofiythehile the Heuristics Miner has to be

run several times with different parameters. Youw rolange the level of accuracy of the
displayed model. The numbers in the event boxew she relative frequency of that task
and on the other hand the thickness of the argsates how often two activities have been

executed after another;

rrrrr

Figure S - ProM Mined Process

10. Animate the Process Model:
Create an animation of the activities in the evegtdirectly in the process model that was

created from the same event log. Mine with Fuzzgévliuse the resulting resource to Select
the Best Instance and the apply Fuzzy Animatoreate a good representation of the process
flow. In the settings pull the look ahead slidetthie very left, if you want to see just one

token moving around the process for each case.
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Figure 6 - ProM Animated Process

In the beginning of this section we started by dbstwy that what drives a project is its outcomes

and results. With this said, in the end, after f@lowed the steps above and executed and applied

the Process Mining techniques you should be abdéxdcute the following actions:

1.

Interpret Results:

Get insights from the information returned by teehniques. Understand better the process
and find were the key points, drivers and majorsceons are in the process you choose.
Make Decisions:

After obtaining insights and a clear understandififpe issues you should develop an action
plan to cover those problems or risks. Design 8wis{ plan the execution, allocate
responsibilities, get sponsorship and budget aptydbpe changes to improve the process as
desired.

Monitor Actions:

Monitor the execution and implementation of theicat defined in the previous step.
Review the process before, during and after thexgds and evaluate the impact of the
actions. If needed redesign the recommendationggdve the resolutions before closing
the topic. Continue monitoring the process tiltibilizes, before changing the focus to a

new project.
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Furthermore, there are some advices for any onelalgmg a Process Mining project or initiative
and wanting to use ProM. Before running the discptechniques like Fuzzy Miner or Heuristics
Miner, really look at and review the Event Logsthiill save you a lot of time, pain and frustration
Before starting any other algorithm use the Inggreahd Summary to see the frequency of events,
start event, end events and the originator allonath each of this types of events. That is, review
the list of start events, end events, the usetigtimig and finishing cases and the average nuwiber
event per case, for example, look at the biggesdtsamallest cases to evaluate if they are realsr ju
bad data. Also, looking at the case duration aladioaship between events is also relevant. In BroM
the Discover Matrix plugin is an easy way to havgueck summary of relationships and to validate
the quality and structure of the Event Log, Thiewas you to have a quick look at the relationship
score between events right away. This should bérgteask to assert the quality of the input data
So, start with a Discovery Matrix to understand ¢aesality relationship between the events and

validate the reliability of your trail capturingstem (e.g. audit log).

Causal Activity Ma

Figure 7 - ProM Causal Discovery Matrix

For this case study you can make some conclusimhsalidation based on the Discovery Matrix,
namely:

Almost every Debit Memo / Credit Memo Request isgeded by an Order;

The only event that precedes an Order is a Quatatio

Following and Return we have Return Delivery, Crétitmo and Debit Memo;

Invoices are preceded only by Deliveries;

Some invoices don't have a preceding event;

Credit Memo Request generate almost every timesdiCMemo and a Delivery;

N o o~ wDd e

Most times a Credit Memo Request is preceded @raer and Invoice;

8. Some Credit Memos results in a Return.
Another preparation task that should be perforneddre moving to the discovery phase is event log
filtering, that is, for example deal with partialopess instances by filtering the event log based o
start and end events. Before running any Processolzéry algorithm you should begin with some
Event Log enhancers and/or cleaners. First of@ll should cut-off incomplete process instances

that resulted from your sample extraction (e.g-mogtem cases that have not finished when the

79



extraction was made). The second enhancer youdhigel is to add artificial start and end events.
Different cases may start and end in differenvé@s (e.g. quotation or order). This plugin batl
determines that one event always starts and hasealecessor (e.g. quotation) naming it the start
event, even though most cases start with an orarall order have a preceding quotation). This
topic was already mentioned in the previous seatadled Event Log Review. Take a look and see
any other filtering technique that you may find fuséor your case study.

Before moving on to the next topic, there are saduditional details the user should take into actoun
when developing a Process Mining project. Namelyenvcreating the Event Log you may need to
maintain different versions, for example differesnbpes or granularities. Some versions may have
more details and some with more granularity anerstimay cover a bigger time frame. Basically,
by common sense, you should start with the baicssmeans low granularity, a simple process and
with low details and a relatively small time franmihis would be version one (gamma version).
Based on this, if the structure fits the ProM regmients you are able to progress and introduce more
details and more granularity to the Event Log hiis tase study you may start looking at the events
only through the Document Flow, to build the skefetwith structure but no data. This can be done
at a header level or item level. Start with thedags only. This means for example one order may
have different item lines (e.g. products), buthia gamma version you would assume it is a single
order. In the beginning, just to establish the batiucture ignoring most of the details. While you
progress you should add more details, the lastoreshould include Document Data and may also
include the whole document details with the whedeni list and the most relevant information like
volume, value, product family, customer busineds amd/or segment, etc. In the last version, for
example, each order would contain different lined aach of this lines would result in different
deliveries and this deliveries would result in aiegle or several invoices (in some cases even an

invoice would include orders from another case).

6.10. Case Study Results
Now let us take a look at the particular result®wf case study covering the SAP Order Handling
Process. Following the steps described in the pusvgection let us cover this case study execution:
1. Select the process or scope:
SAP Sales and Distribution in particular the Otdandling sub-process, from quotation or order
to billing of sales to the customer.

2. Define the questions you want to answer:
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How does the Order Handling process in SAP lodks?liHow are orders processed in SAP?
What are the different paths an order or salesmeatimay follow before being invoiced? What
is the most frequent path?
Determine which systems and other files supporptbeess:
The whole order to bill process is covered by SR&t of the process may start in an electronic
platform used by the customer to introduce theissipn, but the orders are all uploaded and
process in SAP. This means the same system cavevrttble scope, from order to bill.
Extract the data:
The whole data set for this process was extractejuhe Data Browser transaction from SAP.
This transaction was used to extract the followtadges: VBAK, VBAP, LIKP, LIPS, VBRK,
VBRP and VBAF.
Structure the Event Log:
The event log source tables were created usings&oQeleries and Visual Basic routines. This
process was used to link all events to each raspamse based on the document flow trail and
also map all relevant data for each event basettamsactional data details, hamely activity
name, originator and timestamp.
Create/construct the Event Log MXML input file:
The Event Log MXML file was created using ProM Impd his was executed using an ODBC
connection to the source Access Database werevidrd Eog data was structured.
Import / Run the Event Log MXML input file in ProM:
In this case study both Naive and Sequential IDoirhplugins were used. The results you'll see
next were supported on the Sequential ID importiogbt
Inspect the Event Log:
Now the fun begins and we can start looking at soomerete results. In the next output example
we will verify the integrity and accuracy of thedft Log creation process. Taking a look at the
some of the main metrics:

Frequency of events: minimum, average and maximumber of events per case;

Starting events;

Users or originators;

a
b

c. Ending events;
d

e. Time frame for case events;
f.

Relationship between events.
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Let us take a look at it, images are worth mora thards:

Processes

Events

Event classes

Event types

Originators

On average a case contains 3
events: Order, Delivery and Invoice

Figure 2 - ProM Event Log Import Dashboard

:

A case may contain up to 27 events based on the
Summary metrics. This case contains 21 events.

Figure 3 - ProM Event Log Inspector Explorer
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Start events

Total number of classes: 9

Class Occurrences (absolute) Occurrences (relative)
(order+unknown 3513 e7323% | 87% of the Cases start
Returns+unknown 292 7.258% .
Quotation+unknown 85 2,113% WIth an order
Credit memo request+unknown 66 1.641%
Order w/o charge+unknown 40 0,994%
Delivery+unknown 10 0,249%
Credit memo+unknown 7 0,174%
Invoice+unknown 7 0.174%
Intercompany invoice+unknown 3 0,075%

Figure 4 - ProM Event Log Summary: Start Events

End events

Total number of classes: 14
Class

Occurrences (absolute)

Occurrences (relative)

7504 ) 75% of the Cases end

[ Invoice+unknown 3036
Returns delivery for order+unknown 262 6,513% H H
i * | with an Invoice
Intercompany invoice+unknown 242 6.015%
Credit memo+unknown 194 4.822%
Debit memo+unknown 89 2,212%
0,

Delerysunkaomn 50 o 20% of the Cases end
Credit memo cancellation+unknown 49 1,218% H

with Returns

?

Credit memo request+unknown 31 0.771%
Returns+unknown 29 0,721% I ntercom pany
Intercompany credit memo-+unknown 12 0,298% |nvoices’ Credit or
Invoice cancellation+unknown 1 0,273% D .
Pro forma invoice+unknown 5 0,124% eblt Memos
Order+unknown 2 0,05%
Debit memo request+unknown 1 0,025%

Figure S - ProM Event Log Summary: End Events

End events

Total number of classes: 96

Class Occurrences (absolute) Occurrences (relative)

(soe sarc — sz ) More than 60% of end
EFR BATCH SB 620 15.411%

[;FR BATCH _BL 404 10,042% events are performed
BITSDALL 203 2% by batch users. This is
BCH_BATCH 297 7.383% .

[BDEEVOGE o7 o 100 expected, since most
(6es satcn 189 0% ) INvoices are created by
[;FRBATCHSBIV 130 3.231% I a batch job

HPTTBAST 104 2,585%

BDEAMAN 86 2138%

|BFRBATCHBL|V 77 1.914% ]

lBFI_BATCH 77 1.914% ]

BFRGSTEP 73 1,815%

[BUK_BATCH 63 1,566% ]

BFRSLUX 60 1,491%

BDEAHOR 52 1,293%

BDEJKLIN 48 1,193%

BCHFKURZ 31 0.771%

Figure 6 - ProM Event Log Summary: End Events Users
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Month 1 Month 2 Month 3 Month 4 Month 5 Month 6 Month 7 Month 8 Month 9

. Creditmemo

I Credit memo cancellation

Creditmemo request

1M Debit memo

M Debitmemo request
Delivry

M intercompany credit memo

1" Intercompany invoics

1 invoice

I invoice cancellation

M order

I Orderwio charge.

I Pro forma invoice

I Quotation

M Retums

W Returns delivery for order

Event Name

____/

Month 1 Month 2 Month 7 Month 8 Month 9

. Craditmemo

M Creditmemo cancallation
Credit memo request

I Debitmemo

M Debit memo request
Delivery

M intercompany credit memo

" Intercompany invoics

I invoice

M invoice cancellation

M order

M Order wio charge

M Froforma invoice

1 ouotation

M Retums

1 Retums delivery for order

Figure 8 - ProM Event Log Dotted Chart: Ordered based on Last Event
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Figure 9 - ProM Event Log Synchronous Activity Analysis

9. Mine a Process Model:

In this case study we were able to run severabdexy algorithms, specifically the Fuzzy Miner and

Heuristics Miner. The Heuristic Net was converteatPetri Net using the conversion plugin. Also

we are able to compare the results before andadtding the artificial start and end events and als

the difference of the output when certain paramseli&e significance are adjusted. Here are the

results:

y ~ i Enp
3 == complete
P S TS s8> o
s - Delivery ==

Figure 16 - ProM Heuristics Miner: Heuristic Net (with Artificial Events)
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5%

- Invoice
Delivery 5t Billing
Delivery 4008

4255

Figure 17 - ProM Heuristies Miner: Heuristic Net (without Artificial Events)

Crcimeme
2

[ / et mams

/ anceimnan

Figure 18 - ProM Fuzzy Miner:
Mined Model (No Adjustments)

Quotation
complete
0.584

Order
complete
0,808

Debit memo raques)
complete
0.252

Debit memo
complete
0.285

Retums dellvery for
brder
omplete

Credit memo
complete
0.480

complete
1.000

Invoice
complete
0.354

Figure 19 - ProM Fuzzy Miner: Mined
Model (Without Artificial Events)

Order wio charge
complete
0.238
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Order
unknown
0,732

&2

Returns.
unknown
0244

Order wilo charge
unknown

Quotation
unknown
0,299

Returns delivery for
prder

Credit memo
unknown
0,225

Figure 20 - ProM Fuzzy Miner: Mined Figure 21 - ProM Fuzzy Miner:
Model (No Adjustments Close Up) Mined Model (Significance CutOff)

END
complete
1,000

START Retums Quotation
complete unknown unknown
1,000 0,244 0,299
Order w/o charge Order Credit memo request eturns delivery for
unknown unknown unknown rder
0,297 0,732 0,103
227

Delive!
unknown
0,527

Crédit memo
unknown
0,225

redit memo
ancellation
inknown

0.166

“ED
complete
1,000

Figure 22 - ProM Fuzzy Miner: Mined Model (Broken Up)

Intercompany invoice
unknown
0,281




I \ |
I \
i

—

S—

Figure 24 - ProM Heurlstlc Net to Petri Net Conversion (Close Up)

10. Animate the Process Model:

After using Fuzzy Miner run the Select Best Fuzzstance plugin and then the Fuzzy Animator to
produce an amusing of your process flow to showettexution of the different cases in the time
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frame you selected. Change the speed and lookgaadheters to improve the visibility of certain

events. Here are some shots of the animation kmas#ds case study data:

Fuzzy Animation

v

Figure 25 - ProM Fuzzy Animation (Beginning)

Figure 26 - ProM Fuzzy Animation (Running)
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Fuzzy Animation

v

START 3675

V
complete 111

ebit memo

unknown ‘complete unknown 18

Figure 27 - ProM Fuzzy Animation (Explosion of activity)

This type of animation clear gives some visual slaleout the process flow and also the existence of

workload level picks during the analysis period.
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7. Conclusions

7.1.Introduction

In the last months many lines of SAP sales data lteeen covered and mined. For this Process
Mining application, SAP served as the core datacsoand the Sales and Distribution module the
focus of all the analysis. The sole purpose wasxtmact raw sales data from the system, map and
transform it into an event log that could be regdPboM Process Mining tool. In previous chapters

we’ve covered the basic functions of ProM, the athms and packages available and the different

outputs it produces.

7.2.ProM Review
Reality is dynamic, independent and complex, Powviatgand Visio diagrams are bias, too simple

and static. Process Mining techniques may top uercthe “real” process flow as shown below:

Mined Model

SAP Sales and Distribution .
Process Design Inquiry

Quotation Contract

FreeofCharge | | Free of Charge
Delivery Subsequent

Debit Memo Billing Credit Memo

Figure 28 - Mined Process Model versus Model Design

Before implementing a tool, software or system hautd first try to understand if it is worth to &k

the endeavor. That is, if the benefits of the impatation are greater than the cost of putting it i
place. Why isn't every business and managementultmgs company using this type of tool to
understand their customer’s business process? Vémt all auditors, compliance officers, quality
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certifiers and business managers using this typwaifto understand, monitor and improve the
company’s processes?

So why hasn’t Process Mining been fully dissemidated successful (yet)? After designing and
producing an event log from a business managenystgrs is it required to implement a Process
Mining dedicated tool? The objective of the toabgld be to help the analyst discover the business
process without being dependent on previous angaiide understanding and knowledge of people
executing it. But in reality you would need to urstand the business process model before you
could really extract the data or create an evaptilierpret the process instances and eventatitsb
and review the data driven process model from &d&® Mining tool. So this means at least the
subjective understanding of the process and thiersyhat supports the process and the objective
data driven method of process mining would be cemgintary, not substitutes as many papers
would insinuate when trying to sell the idea.

To extract the data from a system you would neednhtterstand the process and how the system
records the events for each process instance airdé¢hevant attributes. It is not a blind process
picking a black box of data and magically the fatgrprets it for the user. You would need to itista
or configure an audit log or document flow featlrefore you could create an event log or
alternatively build your own event log based onihess transactional data and document flows using
SQL type queries. So the argument that the toelgasy to use and you could autonomously create
your own business process analysis based solayaitable unstructured event data and a tool that
does it all is not realistic or even true. To detiee event correlation, associate every event to a
single case or process instance, identify and oapiliof the relevant data is something that nesgui
in-depth analysis and process knowledge. Yes, Bsddéning tools could help to facilitate the job.
Even after we extracted the data and produced eegsomodel in ProM we still need to make
adjustments before the final output is ready toised.

Maybe that is one of the major obstacles and wisytyfpe of solutions are not widespread through
all the organizations. Most internal audit, comptia and quality departments still rely on intengew
observation, walkthrough type meetings and basia daalysis like journal entries and audit log
reviews to perform their jobs. Business consultatilisapply the same method as well.

Additionally, ERP solutions like SAP already havailtsin some tools and modules to help
understand and monitor the process, like Proceser@& and Business Process Monitoring /
Business Process Analytics (BPMon/BPA). Even if gpoly need the basic information about the

process, like what is the average and most freqpedess time, the average or most frequent
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number of events till a process instance ends en aletect patterns and associations to make
predictions and prescriptions and finally identifgttlenecks you wouldn't need a complex and
totally different new tool. With a sample of reldtevents in the system, knowing how to extract the
data and having some reasonable ability with SQevaen Access Queries you could do the trick.
Even cleaning up the missing links and creating esonachine learning processes using some
programmable scripted routines is possible. Crgafie diagram or process representation itself
would be the hardest trick to pull with the normaghilable tools, but there are free tools like Aris
Express that perform that task. With that said arestill argue if the effort and cost of implementi

it is worth the trip.

The main idea is that process discovery is notral thsk. Most of the authors would say that using
standard data queries you would need to know whbtak for, regarding the standard data query
tools. Not true, there are open exploratory quastend closed specific questions. When reviewing
records, like when interviewing someone, becausdavé know what we are looking for, we start
with open questions, from those we get clues, hed try to investigate more specific topics that
were highlighted by the first queries, in an iteratknowledge building process. Event data and
event logs in ERPs are not random. They resultad & process implementation that needed to be
configured. The tables where the records are lalow specific structures and the whole process
that the ERP supports was in the mind of the dgesto It was not a blind construction. The system
knows where to put the records that result frontigigeprocess transactions and those are kept in
specific process oriented archives, clusters degathat are somewhat process oriented. SAP like
most ERP systems contains Accounts Payable, Acedreteivable, General Accounting, Sales
Documents, Delivery Documents, Billing Documenignifing and Production Records, Warehouse
Movements, Purchasing Records, etc. This are medulelusters where records are put in a logical
order and sometimes even connected to each othen. Goods Receipt from Purchasing is mapped
to a related movement in the Warehouse Movemeblis, titls consumption in production is reflected
both in the Planning and Production and Warehouegelhents tables and in the end when the
finished goods is shipped to the customer a sirilamow Goods Issue document is created with

Delivery and Billing Document.

7.3.Process Mining Alternatives
Based on some experience as a consultant and mdiestafor the last 8 years | would have some
difficulty proving right away the benefit of thiggde of tools to any company, as it stands right.now

It can be argued that most of the benefits canbb@med and deployed more quickly using already
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available standard tools or even internally devieig@ low cost solution to fulfil this information
gap. For example, creating a process flow diagraged on an activity or task index or dictionary
that could be inferred from the event log can maplished with some simple programming.

With this said, some of the features suggestedrbye®s Mining can be performed at some level by
other tools or techniques. The question is thenemisdthere really a need for another tool and area
of expertize? Does that explain the delay in thglé@mentation of this type of tools?

Taking a look at the business requirements, festanel major outputs of Process Mining tools we
may conclude that some or most of them can be dalseng or developing customized tools. The
next features can be easily managed with withdoaess Mining dedicated tool:

Process Discovery

1. Draw process diagram based on data: pick up ant degnsummarize an activity
dictionary and use available tools to draw the pssaliagram (e.g. Aris Express)

2. Determine process metrics using simple functiorgandard database queries

Conformance Checking:

1. Check for approvals and validate weird transacti@g. round numbers, holidays or
late night entries) using Journal Entry and Datalpsis techniques

2. Validate task sequence for critical tasks or evénts. each customer order over 10K€
has credit checking)

3. Review system process controls, that is, if gatesuser limitations are in place

4. Check user access profiles and event originatorsriiical tasks

Monitor Process Execution:

1. Determine online process metrics in running queai@scompare them against previous
calculated metrics and targets
2. Create process alerts and flags if thresholds baea compromised using dashboard
and e-mail notifications
3. Recommend actions and alternative paths to finisbhgss based on contingency set of
actions planned and defined previously
Are the Process Mining tools able to really prowe benefit is greater than the cost, that is, it is
worth the pain of understanding new methods ratieer using already known methods or even the
standard Data Mining methods?
My advice to every person interested on this tapim start with Data Mining concepts, focus on

Event Correlation and/or Causality Inference topajuire some standard query tools skills, for
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example, SQL Server, for optimized and virtuallfimited usage, and MS Access, for quick and

easy deployments (very useful to create prototgpelsproof of concept type of results). Also and of
course Process Modelling, namely understand thindéss model, the objectives and purposes of
modelling, how to map processes to comply with ¢hagjuirements and the different approaches
(e.g. different process flow notations). Only thimone of the previous subjects was sufficient to
answer all the questions, look at the Process Miaigorithms, understand what they accomplish,
theirs features, their requirements and the way wak. In this process you may come to conclude
you can simply understand how the different progassng approaches fix the obvious type of

issues like missing event traces or links (progegss), noise (bad data or outliers), concurrency
(possibility of two event happening in parallely,loops (the never ending process, activities that
depend on themselves, repetition of the same fciitvithe same process instance in different
moments in time), splits, join, disjunction (tworpre alternatives) and conjunctions (two or more
activities working for the same process), among ynather process related topics. After

understanding the methods and techniques you meyttiat the tools you already have can fix the
problem. Maybe this is too simplistic, but simpledaesult oriented solutions is what the business

needs and wants. Nobody likes a joke that needamaon, even if it is the best joke in the world.

7.4 .Methodology Review

Is Process Mining more than it says? Is it bitingrenthan it can chew?

There are many inconsistencies in the whole selilgyment of most of the sponsors of Process
Mining tools. One of which, and probably the masilppematic, is the idea of discovering a process
without any previous knowledge of how the procdssuld look like. This is a bit far fetch. You
need to select a process, understand it's relevanttye organization, you need to find out hovsit i
executed and recorded in the system or systemsn¥ed to identify relevant data, and by relevant
meaning you've asked the right questions and therefeed to have some previous knowledge of
the process. Extracting the data may mean you toedelvelop or configure an event log, with that
said you need to follow the data trace to captioecftll length of events relating to the case study
The process is intrinsic in the systems that suppem, by nature and default, else they wouldn't
support them at all. In the remote chance you csellect a process, ask the right questions, igentif
the data source and extract relevant informaticthawit any previous in depth knowledge of the
process being studied you would then need to |loatraview the event log. It would be quite
difficult to have an opinion or educated guess withknowledge and therefore be able to really

evaluate the quality of the extracted and impodath, the quality of the conversion process the
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completeness, accuracy and validity of the evesnt@ne more time, if again you would be able to
perform this task effectively without any profoukdowledge of the process, the systems, the
business and the data, then you would need to smkeral decisions to enhance, convert or clean
the imported Event Log, or to decide not to do himg at your own risk. You would identify the
best algorithm or plugin to discover the procedheut understanding the existence of concurrency,
noise, loops, complexity and granular events, latthe end, if by luck, chance or suggestion you
were able to select a good plugin (e.g. Fuzzy Nigeu would still have to adjust several parameter
to have a good view of the process. Some algoritiers the parameters definition before the plugin
is run, others may allow you to adjust on the Ay.this point there would be no chance, even by
trial and error, you would be able to evaluatefitmess, precision, simplicity and generality oliyo
output, without knowing the process or studyingpefore. To end this painful walkthrough, you
would have stopped in the data extraction and asioe bit, this is enough for the user to find the
need to really understand fully the whole scopthefprocess and the details of what is recorded or
not recorded and where and how, who is involved yeimat available information there is elsewhere.
Even if you would have time to repeat the wholecpss 1000 times you would probably never get
it right or you would have no way to know when ywere right.

The tools help, but there is much work before agygbhd applying Process Mining techniques. It is

nor the start, nor the end of the Process Improneared Business Intelligence endeavors.

7.5.User Experience

Perhaps ProM tool is not the most user-friendlyeeigmce you'll ever find. There seems to be a lot
of focus in having a lot of plugins and a lot otiops and parameters and unknown interconnections
and dependencies between plugins. In this casewlesld be more. We can conclude that for the
99,9% of the people that are not Computer Sciargigt/or Data Miners working with this tool will
be a very hard and painful experience.

On recommendation would be to have two or threér@emments or versions, one for developers,
one for testing new stuff and one called productidth only the robust and already tested models.
This last environment should only have 5 to 10@pgtiavailable. The options that are related, like
cleaning a log or fixing it from noise and missiegents should appear before the options to run a
process discovery algorithm. Finally following thést one all the options to convert the process
representations notations between Petri Net, Heufiéet or BPMN or to execute performance

analysis based on the mined model.
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Basically there is insufficient guidance and tomsnaptions. It is like working in the dark, putting

in some data, trying out randomly, based on thertestaname or some literature reference, the
plugins or algorithms. These are all in the sarsedithough they perform different tasks. Maybe
they should be categorized based on what they auigim(e.g. discovery, conformance, data
analysis) and/or hierarchized and structured basetheir particular function (e.g. data cleaning,
process discovery, process model conversion).

Besides this, there is no comprehensive list ofakisting packages or plugins and what they
accomplish. You would need to read the dissertatipapers, presentations or any other document
by developers, and even then you may not haveasiedcovered.

The descriptions or explanations of the paramdteionfigure and run a package or plugin are
scarce, complex or non-existing at all. If there smme they are incomplete and difficult to get to.
Additionally, ProM free version may appear somewhstiable. For example, in my case it wouldn’t
run in every computer. Sometimes it freezes anéssihawn when starting and even when running
the available plugins some of them just don't rad geturn insignificant errors messages like
“java.lang.reflect.invocationTargetException” thetsically doesn't say anything for the normal end
user.

At some point, it may feel like an arcade game pBizally it as improved a lot and even in the user
experience, but it is still a rudimentary tool, poofessional tool like we would sadly expect from
most of the open source academic collaboratioris.tdbe things is, most students and professionals
don't like them and get a bad first impression. Mi&sly they will never pick it up again after tihe
first experience, namely if they have a chanceoteaimething better and easier. This is based on the
path of less resistance logic. Sometimes it is batohderstand if it is the sport that makes théess

or the other way around. For sure if the first eigreces you have with something are so bad, if you
really don't perform, your mind will send a message¢he body not to waste any more energy or
time on the subject and move on, to protect tHeestééem and ultimately be more efficient working
on a subject were you would perform better. Wiik #aid, it would be better to simplify the public
version of the tool and make the experience as gmava rich as possible. If then the user wants to
deep dive, having a boost of confidence on the ffis, he could access the full list of plugins and
options for more advanced analysis.

Beside all of this, the tool also behaves like @ade game because every time the tool is closed we
lose the history or at least that is what happeressery computer it was run at. You would have to

save every single output produced and import ityetrme if you wanted to reuse it. So it is likewyo
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have to start from scratch every time, there igdra of project. Perhaps there is an explanati@n in
book, dissertation, working paper or forum aboat thpic, but again, it is not clear or direct dénd
results in more pain for the user. The frustrathigg is to find that some basic topics are notecov
widely and sometimes you find something useful Vatg in your work because the guidance is
scarce.

Finally, like in an arcade game we also don't kitlb&purpose or were we are heading, everything
is a surprise. The tutorials and package descniptare very basic, so when you try the tool for
yourself you won't find answers. The plugins hawedetailed full explanation of the features. You
basically click on everything, try every optionatige the settings and try to understand the outtome
of it, in a trial and error process. You go to fmauand wikis just like you would to in RPG games
to find were the secret door is and how to gralsgieeial solution you need to obtain your objedtive

In the beginning it is not clear which algorithmasrrect for each case or type of event log. For
example, it seems at first the Heuristics Minanas the best option for SAP Sales and Distribution
process event logs, for example. Not acknowledthad) each delivery item may be related to one
order item for the same case, but only lookincghatttmestamp of the events for the same case the
algorithm may determine that every delivery linedkated to each other, but in reality they may be
related to the first event that is the order lifleis approach wouldn’t be correct, it is just atdpbm

the first event, one starting event producing twmore (up to 6 or 10) new events. So several svent
result from one and are performed in different motmein time, but not correlated between
themselves, only correlated against the startidgrdine. The tool doesn't offer a full user guidan
and the tutorials don't go that far to explain fhk picture. Even the papers seem to go around the
subject in theory, with complex notations and folesubut avoiding and never showing how to put
it in practice.

Another topic is that the requirements of the Exarg input files are not at all clear for each piug
nor is the output it produces and the implicatiohsot having the right information in the righter

or with the right structure or something else. Agsh may need the events to be ordered before
creating the MXML import file, on the other hana:thleuristics Miner does not look at the Event
ID at all, it only needs the Event Timestamp tadiger the process.

The reason why some packs or plugins are unavaifatnin time to time (color orange) is not clear
or explained before using the tool. For the usés &n unknown dependency between a precursor
algorithm and the unavailable one, you need tovothe path and try to make new features available

on your way. There may be some event log requirégnimat are not being fulfilled or we need

98



additional information. For example, sometimes yeed an Event Log combined with a Process
Model. It is not clear and it is frustrating to riatow or understand at least the main structure and
how to run a good Process Model based on a spégikcof Event Log, convert this Process Model,
calculate some performance metrics on it, anintaed review the process. It should be that simple.
So yes, you'll need to invest a big amount of timexecute something for which you may not know
the real benefit of or if it fits your own casedyuand business requirements.

To sum it all up, it is not a commercial solutitwy it also isn't a good publicity for Process Mipi

It is only an academic tool in which most of theadivery processes don't give much information
about the process in the first run, at least there't be any big surprises if you already know your

processes and data.

7.6.Further Investigation

One of the biggest doors opened for further ingasibn in association and collaboration with
Process Mining is the concept and methodology f@mE Correlation and Causality Inference.
Event Correlation and Causality Inference aim srover meaningful causalities between events.
When we are missing event flows or traces we neddfér the causality or correlation between
existing events based on the moment they happeotaed characteristics. For example, in SAP it
is not mandatory to associate a Credit Memo Red@eshplaint) and the potential resulting Return
to an existing Order or Invoice. It would be extedynhelpful to have the full picture of the process
end-to-end and bridge those missing trails betwaamts. Although these two events are not
connected we may infer they relationship using abiysinference methods. If it is a full return the
guantities will match, the product and customeitiest must be the same and the return should
happen in a reasonable period of time from thepéhip say 3 months. The time for a complaint can
even be limited by contract. We could theoreticalsociate both events in the same process
instance. Additionally, with more complexity, ifdte is a price adjustments, for example we had
invoiced at a higher price than agreed with thearuer, another Credit Memo Request is created
but no return associated. In this case we couldscrcheck Price Lists or latest or more
contemporaneous prices to, first of all triggert ttkee first transaction or flow of events would
potentially result in a price adjustments (e.gfeddnt price from Price List or from latest pricajd
second if there exists a price adjustment in ther figure for that product or customer we could
associate the first transaction and document Wwemew event (Credit Memo Request) and therefore
connect it to the rest of the flow. In the case &eturn, if the production batch is filled in tleeord

it wouldn't be necessary to create a complex dlgorto associate this two events, but it would stil
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be necessary to do some programming, hamely devedojpsive algorithm to check every potential

transaction and establish the trail when all ofdafned criteria were met.

7.7.Summary

In nutshell, this case study hopefully brought sdigiet and insight on the application of Process
Mining techniques. It is a practical user oriendggbroach on the topic that may be completed and
improved in the near future. The list below is mmary of the most relevant steps and achievements
of this work, most of which are key to anyone #taron this subject:

1. Understand the general sales order process flow;

. Understand the sales order process flow in &R system records process;

. Identify the key tables with relevant informatifor the sales process flow in SAP;

. Extract and map relevant system tables in doaldatabase (Access);

a b~ W N

. Create ETL process: mechanism to produce antEwgnfrom a Document Flow and Data,;

Sales Document Flow Layout Event Log Layout

Preceding Event- Subséquent Event || Attributes |~~~ - -PIB"- Event Attributes
A B Attributes 1 H A Attributes
C - -7 D\‘\ Attributes g 1 B Attributes
: \‘~ ’43'
B E - -Attributes | -1---"" E Attributes
~ K
F D ~TU---. _Attributes | _____.--- --7
D H Attributes

Diagram 21 - Sales Document Flow transformation intd&ven Log

6. Automate ETL process: developed a script thitiban event log table from the SAP tables;

A D e |
- Selectin Last update - Sla(ﬂ Database - Star\- End - Time elapsu Dependevﬂ Applications
SDFO1 [SAP Sales Document Flow v 29/06/2014 10:19 O MADSAD Database Conversion 10:17:28 | 10:19:55 00:02:27 none Process Mining
SDF02 |Sales Document Flow Start Point v 29/06/201410:21 | @ | MADSAD Database Conversion 10:19:55 | 10:21:25 |  00:01:30 SDFO1 Process Mining
SDF03 [Limit Sales Document Flow (Limited) v 29/06/2014 10:21 O MADSAD Database Conversion 10:21:26 | 10:21:26 00:00:00 SDF02 Process Mining
SDF04 |Overwritte Original Start Point (Limited) v 29/06/201410:21 | @ | MADSAD Database Conversion 10:21:26 | 10:21:26 00:00:00 SDF03 Process Mining
SDFO5 [Sales Event Flow Start v 29/06/2014 10:21 O MADSAD Database Conversion 10:21:26 | 10:21:26 00:00:00 SDF02 Process Mining
SDF06 |Sales Event Flow Drill Vi 29/06/201410:21 | @ MADSAD Database Conversion 10:21:26 | 10:21:48 00:00:22 SDFO5 Process Mining
PMI01 |Process Instances v 29/06/2014 12:46 O MADSAD Database Conversion 12:46:30 | 12:46:30 00:00:00 SDF06 Process Mining
PMIO02 |Process Attributes v 29/06/201412:46 | © MADSAD Database Conversion 12:46:30 | 12:46:30 00:00:00 SDF06 Process Mining
PMIO03 |Event Trail v 29/06/2014 12:46 O MADSAD Database Conversion 12:46:30 | 12:46:34 00:00:04 SDF06 Process Mining
PMI04 |Event Trail Attributes v 29/06/201412:46 | @ | MADSAD Database Conversion 12:46:34 | 12:46:34 00:00:00 SDF06 Process Mining

Diagram 22 - Automated ETL Control Dashboard

7. Transform resulting event log into the ProM Intgable’s format;

8. Convert the original event log into the ProMreavork input MXML file;

9. Upload event log and execute several procesisgnatgorithm;




10. Debug and review the process. The correctindoatimizations include:

a. Case sensitive sales document categories: rirsg &@mpare function to join tables;

b. Create unique event key based o preceding drsquent document;

c. Define end of process instance based on “ncesuigsit event rule”;

d. Solve or exclude inconsistencies in document {le.g. father is son of son).
11. Understand ProM basic functionalities: mairoathms, packages and outputs;
12. Create sampling method: limit number of prodestances to facilitate first exploratory analysis
13. Review weird process instances (e.g. salemehot allocated to original sales document);
14. Map and add additional attributes based ors#éretional data (e.g. timestamp, originator);
15. Review and explain results of Process Minimggpathm application;
16. Document the whole process from MXML file tm&ess Model,
17. Understand the limitations of transactionahdat process mining;
18. Define the most critical step on this proc&H: process is 90% of the workload;
19. Identify the best sources of data: the ERPiésad the most reliable sources of information;
20. Summarize experience, opportunities and altiees
One of the biggest challenges in Process Miningthisdoarticular case study is data extraction and
conversion, from transactional data to the requiPeaM Import format, if this is the method of
choice to create the Event Log MXML file for ProM.
Understanding the interlinks and the features o€@ss Mining techniques and how they are applied
in the ProM tool is the second biggest challendeer& is a lot of information about individual
subjects, some of it not user oriented, disperseueral papers and presentations. Surely hope that
this paper creates some value on this subjectelpd to development some common understanding,
by compiling most of the existing information andring it slightly more end user focused and

friendly.
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Glossary

Activity A well-defined step in the process. Evemtay refer to the start,
completion, cancelation, etc. of an activity forspecific process

instance

Business Intelligence Broad collection of tools amethods that use data to support decision

making.
Business ProcessA branch of Business Intelligence focusing on Bas Process
Intelligence Management. Also called short Process Intelligence.
Business ProcessThe discipline that combines knowledge from infotigra technology
Management and knowledge from management sciences and applitis to

operational business processes.

Concept Drift The phenomenon that processes oftange over time. The observed
process may gradually (or suddenly) change duedsaosal changes or

increased competition, thus complicating analysis.

Conformance Analyzing whether reality, as recorded in a logifooms to the model
Checking and vice versa. The goal is to detect discrepancies
and to measure their severity. Conformance chedgkioge of the three

basic types of process mining.

Cross-Organizational The application of Process Mining techniques taél@gs originating

Process Mining from different organizations.

Data Mining The analysis of (often large) data $etBnd unexpected relationships

and to summarize the data in ways that provide insights.
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Deadlock

A deadlock is a situation in which twonaore competing actions are
each waiting for the other to finish, and thus meitever does. In
computer science a deadly embrace is a deadlook/iing exactly two
competing actions. It is a term more commonly useBurope. In a
transactional database[disambiguation needed], ag@laek happens
when two processes each within its own transactpmates two rows
of information but in the opposite order. For exs&nmrocess A
updates row 1 then row 2 in the exact timeframegss B updates row
2 then row 1. Process A can't finish updating roun#ll process B is
finished, but it cannot finish updating row 1 urgiocess A finishes.
No matter how much time is allowed to pass, thigasion will never
resolve itself and because of this database mareagesygstems will
typically kill the transaction of the process thats done the least

amount of work.

Event

An action recorded in the log, e.g., thetstammpletion, or cancelation

of an activity for a particular process instance.

Event Log

Collection of events used as input faxcpss mining. Events do not
need to be stored in a separate log file (e.gntevaay be scattered

over different database tables).

Fitness

A measure determining how well a given rhalliews for the behavior
seen in the event log. A model has a perfect f#rieall traces in the

log can be replayed by the model from beginningra.

Generalization

A measure determining how well tleeleh is able to allow for unseen

behavior. An “overfitting” model is not able to gaalize enough.

Institute of Electrical

and

Engineers

Electronics

IEEE's core purpose is to foster technological ation and excellence
for the benefit of humanity. IEEE will be essential the global
technical community and to technical professiorakrywhere, and be
universally recognized for the contributions of eclogy and of

technical professionals in improving global corutis.
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Journal Entries

A journal entry, in accounting, dslogging of transactions into
accounting journal items. The journal entry cansisnof several
recordings, each of which is either a debit oreditr The total of the
debits must equal the total of the credits or thenal entry is said to
be "unbalanced". Journal entries can record uniigmes or recurring
items such as depreciation or bond amortization.atrounting
software, journal entries are usually entered usirggparate module
from accounts payable, which typically has its osubledger that
indirectly affects the general ledger; journal Estdirectly change the

account balances on the general ledger.

Model Enhancement

One of the three basic typesafegs mining. A process model is
extended or improved using information extractedomfr
some log. For example, bottlenecks can be idedtlie replaying an

event log on a process model while examining timegtamps.

Moore's Law

Moore's law is the observation thaterothe history of computing
hardware, the number of transistors on integraieclits doubles
approximately every two years. The law is nameerdfitel co-founder
Gordon E. Moore, who described the trend in his51@éper. His
prediction has proven to be accurate, in part bexaloe law is now
used in the semiconductor industry to guide lomgtplanning and to

set targets for research and development.

Murphy's Law

Murphy's law is an adage or epigrarat tts typically stated as:

Anything that can go wrong will go wrong.

MXML

An XML-based format for exchanging event log&ES replaces

MXML as the new tool-independent Process Miningnfat.

Occam's Razor

Occam's razor (also written as Ockhaazor from William of
Ockham (c. 1287 — 1347), and in Latin lex parsiraehis a principle
of parsimony, economy, or succinctness used irclagid problem-
solving. It states that among competing hypothdked)ypothesis with

the fewest assumptions should be selected.
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Operational Support

On-line analysis of event deith the aim to monitor and influence
running  process instances. Three  operational  stuppor
activities can be identified: detect (generate kent & the observed
behavior deviates from the modeled behavior), ptegiredict future
behavior based on past behavior, e.g., prediattimaining processing
time), and recommend (suggest appropriate actiongetlize a

particular goal, e.g., to minimize costs).

Precision

Measure determining whether the modehipits behavior very
different from the behavior seen in the event lagnodel with low

precision is “underfitting”.

Process Discovery

One of the three basic typesogigss mining. Based on an event log a
process model is learned. For example, dhalgorithm is able to
discover a Petri net by identifying process pateam collections of

events.

Process Instance

The entity being handled by tbeegs that is analyzed. Events refer
to process instances. Examples of process instaaeesustomer

orders, insurance claims, loan applications, ekso Aalled case.

Process Mining

Techniques, tools, and methodsdcogier, monitor and improve real
processes (i.e., not assumed processes) by engractowledge from

event logs commonly available in today’s (inforroadi systems.

Representational Bias

The selected target langfaageresenting and constructing Process

Mining results.

Simplicity A measure putting in practice Occam’'szBa i.e., the simplest model
that can explain the behavior seen in the log,his best model.
Simplicity can be quantified in various ways, emgimber of nodes and
arcs in the model.

XES Is an XML-based standard for event logs. Tlendard has been

adopted by the IEEE Task Force on Process Mininghasdefault

interchange format for event logs.
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