
Abstract 
The Ente rprise Resource Planning, Customer Relationship 
Management, Business to Business and Workflow Management 
Systems etc. are classified under the mining applications. For 
example the following areas are identified as the major applications 
of mining, they are Municipalities, Government Agencies, 
Insurance Related Agencies for example UWV, Banks such as 
ING Bank, Hospitals such as AMC hospital, Multinationals such 
as DSM, Deloitte, the healthcare and in India Dyeing processing 
system, etc. The various methods and techniques were used for 
the mining algorithms to produce process models.  These process 
models help the business experts to analyses their business in 
the better way.  This paper deals about how the process mining 
algorithms were used in various business process applications 
using ProM (Process Mining Framework) and Weka (Waikato 
Environment for Knowledge Analysis) Library.  This contribution 
can help the researchers to analyze different applications to 
implement these tools in an effective manner for the betterment 
of organizations.
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I. Introduction
The mining algorithms that we are going to deal in this paper 
are Process mining algorithms and Association Rule mining 
Algorithms.  The idea of process mining is not new [1-9]. 
Cook and Wolf have investigated similar issues in the context of 
software engineering processes.  In [1] they describe three methods 
for process discovery: one using neural networks, one using a 
purely algorithmic approach, and one Markovian approach.  The 
authors consider the latter two the most promising approaches.  
The purely algorithmic approach builds a finite state machine 
where states are fused if their futures that are in terms of possible 
behavior in the next k steps are identical.  The Markovian approach 
uses a mixture of algorithmic and statistical methods and is able to 
deal with noise.  Note that the results presented in [1] are limited to 
sequential behavior.  Related, but in a different domain, is the work 
presented in [10,11] also using a Markovian approach restricted 
to sequential processes. Cook and Wolf extend their work to 
concurrent processes in [3].  They propose specific metrics such as 
entropy, event type counts, periodicity, and causality and use these 
metrics to discover models out of event streams.  However, they 
do not provide an approach to generate explicit process models.  
In [4] Cook and Wolf provide a measure to quantify discrepancies 
between a process model and the actual behavior as registered 
using event-based data. 
Association rule mining, one of the most important and well 
researched techniques of data mining, was first introduced 
in [12].  It aims to extract interesting correlations, frequent 
patterns, associations or casual structures among sets of items in 
the transaction databases or other data repositories. Association 
rules are widely used in various areas such as telecommunication 
networks, market and risk management, inventory control etc. 

Various association mining techniques and algorithms will be 
briefly introduced and compared later. 
Association rule mining is to find out association rules that 
satisfy the predefined minimum support and confidence from a 
given database. The problem is usually decomposed into two sub 
problems. One is to find those itemsets whose occurrences exceed 
a predefined threshold in the database; those itemsets are called 
frequent or large itemsets. The second problem is to generate 
association rules from those large itemsets with the constraints 
of minimal confidence. 
The application of process mining algorithms can be implemented 
using ProM tool and association rule mining algorithms can be 
implemented using Weka tool.  The section II describes about 
the process mining approach and the section III reviews about 
the association rule mining concept with Weka tool, the section 
IV explains how these mining algorithms, applied to the dyeing 
process and section V concludes this paper.

II. Application of process mining using ProM tool
Process mining begins with information about an executed process 
collected by information systems, in the form of event logs rather 
than with a process design.  It is not just about discovery of process 
models to trace back inefficient behavior or to find deficiencies 
in a process but can result into much varied outputs. Below, it 
is mentioned that the process mining can be classified in to the 
following [13]:
1)  Process discovery: Process mining helps to discover the 

process model by inferring the ordering relations between 
various tasks in the event log.

2)  Delta analysis: Process mining tools also helps answering 
the question: “are we doing what was specified?”

3)  Performance analysis: Performance analysis includes the 
measures that can be used for improvement of process model 
and their properties.

4)  Social network and organizational mining: Process mining 
does not only extract the process model, and other parameters 
like flow times, sojourn times etc. but also includes discovering 
relationships between the various events and their originators.  
It is can also discover an organizational structure in terms of 
an activity role-performer diagram, or a socio-gram based 
on the transfer of work.

Process mining application areas in the information system 
using transactional systems or PAIS (Process Aware Information 
System) [13] such as 
• ERP (Enterprise resource planning) 
• CRM (Customer relationship management)
• B2B (Business-to-business) and 
• WFM (workflow management) systems 
These information systems offer information about the order in 
which the events of a case are executed. Process Mining can be 
applied in the following fields.
• Municipalities
• Government agencies
• Insurance related agencies
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• Banks
• Hospitals
• Multinationals
• High-tech system manufacturers and their customers (e.g., 

Philips Healthcare).
• Media companies [14]. And
• Dyeing Processing System

A. Methods of Process mining
Process mining methods have been used to extract information 
from processes.  Basic data mining methods involve four 
particular types of tasks: classification, clustering, regression, 
and association. Classification takes the information present and 
merges it into defined groupings. Clustering removes the defined 
groupings and allows the data to classify itself by similar items. 
Regression focuses on the function of the information, modeling 
the data on concept.  The final data mining method, association, 
attempts to find relationships between the various data feeds.  In 
this paper, it is identified that the association mining and clustering 
were the two methods, which are required to discover knowledge 
from various processes.

B. Techniques of Process mining
One data mining technique used commonly in the industry is called 
Knowledge Discovery in Databases (KDD), developed in 1989 by 
Gregory Piatetsky-Shapiro, KDD allows users to process raw data 
analyze the information for necessary data and interpret the results.  
This method allows users to find patterns in the algorithms.
Process mining can be used to extract process related information 
(e.g., process models) from data, i.e., process mining describes a 
family of aposteriori analysis techniques exploiting the information 
recorded in the event logs. This process information can be used 
to understand and redesign processes to become efficient high 
quality processes.  

C. ProM (Process mining framework) and MXML format
To make different mining tools to have a common input format, 
the XML tool independent format was introduced. Examples of 
different mining tools are Process Miner, EMiT, Little Thumb, 
MiSon and ProM framework.  Defining a common input format 
like Mining XML (MXML) was the first step towards the creation 
of a repository on which process mining researchers can test their 
algorithms.  This XML format connects transactional systems such 
as workflow management systems, ERP systems, CRM systems, 
and case handling systems shown in fig. 1.  In principle, any system 
that registers events related to the execution of tasks for cases can 
use this tool independent format to store and exchange logs.  The 
goal of using a single format is to reduce the implementation effort 
and to promote the use of these mining techniques in multiple 
contexts.

Fig.1: The tool independent XML format connects transactional 
systems and the mining tools
The schema for this XML format is shown in fig. 2. In this fig., 

an event log i.e. field Workflow Log has the execution of one or 
more processes i.e. field Process, and optional information about 
the source program that generated the log i.e. field Source and 
additional data elements i.e. field Data.  Every process i.e. field 
Process has zero or more cases or process instances i.e. field Process 
Instance.  Similarly, every process instance has zero or more tasks 
i.e. field Audit Trail Entry.  Every task or audit trail entry (ATE) 
should at least have a name i.e. field Workflow Model Element and 
an event type i.e. field Event Type. The event type determines the 
state of the tasks. There are 13 supported event types: schedule, 
assign, reassign, start, resume, suspend, autoskip, manualskip, 
withdraw, complete, ATE abort, PI abort and unknown. The other 
task fields are optional. The Timestamp field supports the logging 
of time for the task. The Originator field records the person/system 
that performed the task. The Data field allows for more logging of 
additional information.  Mapping the MXML format to the three 
mining perspectives, that is the control flow perspective mainly 
focuses on the Workflow Model Element, the Event Type and the 
Timestamp fields. The organizational perspective chiefly depends 
on the Originator field. The case perspective especially relies on 
the extra Data fields.

Fig.2: Mining XML format schema

D. A sample MS-Access table and its MXML log
For the purpose of understanding how does the data from an 
MS-Access table looks like when it is converted to the ProM’s 
generic MXML format, hence it is considered to take an example 
from Emerald dyeing process.  The table related to the color mix 
or treatment activities a shade undergoes, is selected.  First it 
is given that the structure of the table that is what color mix or 
treatment information and in which format can be stored in this 
table.  Hence, some data contained in this table are shown, which 
is later on converted to the MXML format.

Color Mix or treatment table gives the details about color mix 
or treatment procedure for shades. It contains information about 
the shade in the form of shade ID (the unique identifier for every 
shade), color mix or treatment conducted to colour, date and 
duration for which the color mix or treatment is takes place, type 
of color mix or treatment and other color mix or treatment relevant 
information.  The fig. 4 shows the fields of Dyeing table.
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Fig. 3: Dyeing table in Emerald dyeing process

Here, it is discussed that the data contained in the colour table of 
Fig. 3 shows data contained in this table.
• The column ATE-ID identifies the shades audit trail entry, 

which is event number in the dyeing process, it should be 
unique.  

• The column PI-ID identifies the shades number that is one 
of the shades in a group of shades.  

• The column Event Type represents the color mix or treatment 
type which can be start or complete. 

Fig. 4: Colour Table related data

After taking a look at the data (Fig. 4) contained in the table for 
color mix or treatment of a shade, now see the corresponding 
MXML log for this table. The MXML log for this table is 
obtained by following instructions in [15] and using the ProM 
Import framework. Fig. 5 shows a part of this MXML log. The 
information represented in the MXML log is consistent with the 
predefined DTD.

• It can see some data attributes for process instance.  These 
includes AB0114, Menaka  etc.

• Each color mix or treatment activity is referred to as an 
AuditTrailEntry (ATE) in the log. This corresponds to the 
column ATE in fig. 4.  For each ATE information about its data 
attributes is also shown. These include the OrderRegister, 
complete, 2011-01-05T14:15:00.000+05:30, etc.

Fig. 5: MXML log

E. Events and Attributes of Emerald Dyeing Process
Data in Emerald dyeing process is organized in form of tables in 
MS-Access database.  This gives an insight what data are stores in 
the database and in what format.  The data in these tables pertains 
to shades general information, colour mixers, pretreatments, pH 
measurements etc.  For each table in the database and the columns 
of the table i.e. the structure of the tables in form of its fields gives 
the data contained in these tables under these columns and the 
number of records in the table.  Structure of any table includes: 
field name, data type and description. Field name is the name of 
the column in the data table, data type tells us what kind of data 
this field can hold i.e. number or text or Boolean etc. Description 
about the field is a short remark about the field.   It is optional. 
It is also worth mentioning that information like shade number, 
originator name, event type and timestamp. 

F. Colour
This table stores details about shades that a shade may be given.  It 
contains information about the shade ID, shade type, description, 
etc.  These can be seen in the Fig. 6, which represents the design 
view of this table.  The Fig. 7 shows a part of data contained in 
this table.  The total number of records in this table is 12294.

Fig.6: Structure of the Dyeing (Colour) Table
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Fig. 7: Events in the Colour Table

The content of the colour table contains colour characteristics of 
each shade visiting the dyeing for some color mix or treatment.  
Shades name, shade id, shade type, processing time of the shade 
and originator of the shade. etc. is recorded in this table. This 
table contains generic information, common for all the shades 
conducting in the dyeing, the event attributes are shown in the 
Fig. 8.

Fig. 8: Event Attributes in the Colour Table

IV. Application of Association Rule Mining Using Weka 
Tool
Association rule mining, one of the most important and well 
researched techniques of data mining, was first introduced 
in [12].  It aims to extract interesting correlations, frequent 
patterns, associations or casual structures among sets of items in 
the transaction databases or other data repositories. Association 
rules are widely used in various areas such as telecommunication 
networks, market and risk management, inventory control etc. 
Various association mining techniques and algorithms will be 
briefly introduced and compared later. 
Association rule mining is to find out association rules that 
satisfy the predefined minimum support and confidence from a 
given database. The problem is usually decomposed into two sub 
problems. One is to find those itemsets whose occurrences exceed 
a predefined threshold in the database; those itemsets are called 
frequent or large itemsets. The second problem is to generate 
association rules from those large itemsets with the constraints 
of minimal confidence. 

A. An Introduction of Weka Library 
Data mining includes tasks such as classification, estimation, 
prediction, affinity grouping, clustering and description and 
profiling tasks. The Weka workbench provides tools for performing 
all these tasks. In this paper, it is given that a brief overview of the 
Weka library. Following (Fig. 9 and 10) screenshot from Weka 
shows all the mining options available in it.  Hence, it can see that 
the user have loaded a file containing weather information like 
temperature, humidity, wind etc.  For any association rule mining 
algorithm the user can also select the number of attributes and also 
have a choice to deselect some attributes or use all of them. In the 

Fig. it can be seen that it is possible to have the information like 
number of records in the input file. At the right hand side it is seen 
that the weather outlook can have values like hot, mild and cool 
and in how many records these values occur. In the menu bar, it 
have mining options for classification, clustering, and association 
rule mining. Readers are referred to [16] for detailed reading about 
each of these mining options.

Fig. 9: Weka Main Window

Fig.10: Weka Workbench’s Explorer

B. Case Data Extraction Mining Plug-In
The CDE plug-in as the name indicates extracts case properties 
of the event log loaded in the framework.
These properties may be:
• Process instance data attributes
• Audit trail entry data attributes
• Originators
• Event type
To understand these various cases properties let us take an example 
Jayabala dyeing unit’s twenty eight shade dyeing process log.  The 
log has 168 PIs and 84ATEs. The PIs of the log refer to treatments 
of the dyeing process various shades.  
In this Fig., the process instance data elements can be seen, 
these includes properties like ‘C_Name_Violet’, ‘ShadeCheck_
Normal’, ‘Pre_Treat_Absent’, ‘Post_Treat_Absent’ etc. These all 
are properties of the process instance which is a dyeing process 
treatment in this case.  For example, the information about the main 
treatment is captured in the attribute ‘C_Name_Violet’, the colour 
pre and post treatment information is stored in the attribute ‘Pre_
Treat_Absent’ and ‘Post_Treat_Absent’ etc.  The data attributes 
for audit trail entries i.e. the treatment for the particular colour 
handled by the properties like ‘Originator’, ’CM_ReactiveDyes’ 
etc.  These data attributes store information about the person 
who handle the process and the method of colour process.   It is 
interesting to look at these case properties as they help to gain 
insight into the process through the various data attributes related 
to the case itself or to the various tasks in the process. In the next 
section the CDE plug-in is explained.
The CDE mining plug-in allows a user to convert the case data 
(case properties) into a table which can be imported to a spreadsheet 
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like MS-Excel in the form of CSV file. CSV is sometimes also 
called Comma Delimited format.  Before converting the data from 
a log into a table, the user can make his selections from the data 
attributes of the process instances in the log, the data attributes 
of various activities in the log, originators and event types. Once 
the user has made his selection, for each process instance the 
table includes [17]:
• its name,
• an estimation of its makespan, and
• an overview of its selected data fields.
For every ATE, the table includes:
• the number of times a selected event occurred,
• its service time,
• an overview of its selected originators, and
• an overview of its selected data fields.
This table can be then exported to a CSV file using the standard 
CSV Export plug-in available in the ProM. These CSV files 
can be then imported in Microsoft Excel. Hence, the users now 
understand how the CDE and CSV plug-ins function with the 
help of an example.  The log displayed in fig. 11 is used again.  
The result of mining this log using the CDE plug-in is as shown 
in the Fig. 12.

Fig. 11: CDE plug-in outputs a table displaying all data attributes 
for the case and ATEs

As seen, the output is a table showing the case properties in the 
column Process Data, the audit trail entries properties in the 
column Model Element Data, the list of originators in the column 
Originators, and the event type information in the column Event 
type. The user can select different attributes and his selection is 
indicated by a shaded.  As it is seen in the fig. 11, the process data 
properties verification of the shade matching with the original 
shade (main treatment of the dyeing process), colour pre and post 
treatments (dyeing process method i.e. the Pre or Post treatments), 
PH test process (the PH test process after pre and post treatments) 
is selected.  These selected data attributes can be now exported to 
a CSV format using the CSV export plug-in. The result of using 
this plug-in is shown in the Fig.12.
Fig.12 provides us the following information:
• Process Instance identifier: The first column (column A) is 

the process instance identifier for the process instances in 
the event log.  This shows the case being handled.  Every 
row corresponds to one unique process identifier.  

• Sojourn time: Sojourn Time is the maximal logged event 
time minus the minimal logged event time for this instance. 
This can be seen in column B as sojournTime.seconds.

• data.D: Corresponding to each process instance an overview 
of its selected data attributes is given. 

• The 4, 5, 6 and 7 column specified the selected ATEs from 
CDE.

Fig.12: CSV file from CDE plug-in exported to MS-Excel

This CSV file exported from the CDE plug-in gives us insights 
into the process underlying this event log. For example, let us 
take a quick look at all the data attributes of the case and the 
activities in the process.  Therefore, the dyer or expert can have the 
information about which originator performed which activity and 
for which case. The information about which case has a particular 
activity can also be obtained. All these information can be put to 
use for different goals. For example, with the preliminary idea 
about the idleness of an originator as the expert or dyer can see 
for which case and activity he or she is engaged, and where he 
or she is idle. 

C. Using CSV from ProM for Weka
As already mentioned that the output of CDE can be exported to 
CSV format, and this CSV file can be used for our experiments for 
data mining tasks in the Weka library.  This is so because Weka 
automatically converts a CSV file into its native data storage 
method: the ARFF format. The ARFF consists of a list of instances 
and attribute values for each instance separated by commas. CSV 
can be easily converted to ARFF format.  This section explains 
how a CSV file can be converted to ARFF. Consider the following 
CSV file generated from the CDE plug-in in combination with 
the CSV export plug-in:

Fig. 13: An example CSV file in a text editor

In the above fig., it is seen that the five data attributes, viz., PID 
and number of instances in which tasks A, B, C and D occurs. 
The next four rows show the four PIs with their values for these 
data attributes.  To convert it into ARFF format, it is necessary to 
add the name of the dataset using the @relation tag, the attribute 
information using the @attribute, and a @data line. This is shown 
in the following Fig.:

Fig. 14: ARFF file
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Hence, the user can see the name of the dataset in the @relation 
tag, and the three data attributes are declared using the @attribute 
tags. The curly braces {…} are for the values that these attributes 
can have. Finally the process instances along with values for the 
data attributes are shown under @data tag. Hence, it is shown that 
the conversion here for the purpose of understanding, however for 
experimenting with Weka, that the user need not manually convert 
a CSV file to ARFF format. This conversion is automatically done 
by Weka. So, the user can simply give a CSV file as an input to the 
Weka workbench. But the CSV file in fig. 13 can’t be directly used 
in Weka for association analysis algorithms as these algorithms 
need binary information for generating Boolean association rules. 
So the user first need to change the CSV file and then load it again 
into Weka in fig. 14, it have all numeric data. To be able to use this 
for association rule mining this numeric data has to be converted to 
strings (the association analysis algorithms cannot handle numeric 
values).  For this, each presence of a task in a PI is replaced by a 
yes and its absence by no. It means the value that the attributes 
can hold is only a yes or no. The column PID can be removed as 
each row uniquely defines a new PID. So it have:

Fig.15:  The replacement of the numeric data values by yes/no

Now this file can be used for association analysis algorithms 
available in the Weka library. This is how the CSV file obtained 
from ProM can be modified to be used for association rule 
algorithms in Weka.

IV. Application of Mining Algorithms In Dyeing Process
The process mining algorithms using ProM and Weka Library is 
implemented and shown in this section.  The fig. 16 shows the 
ProM tool generated process model using HM (Heuristic Miner) 
algorithm.

Fig.16: Process model by Heuristics Miner process mining 
algorithm using ProM tool with PIs = 683 and Event Logs 
=12,294

Fig. 17: Process model by DWS process mining algorithm (Cluster 
R.0) using ProM tool with PIs = 683 and Event Logs =12,294

The fig. 17 shows the DWS algorithm implementation for the 
Cluster log using ProM tool of the dyeing log with 683 process 
instances and 12,294 event logs. The fig. 18, 19, 20 and 21 
shows the association rules type of process model using Weka 
Library using association rule mining algorithms such as Apriori, 
FPGrowth, H-Mine and LRM (LinkRuleMiner) algorithms for the 
dyeing log.  This process model is very easy to understand, because 
of its simplicity event when the database size is large.

Fig.18: Association rules using Apriori algorithm for Jayabala 
dyeing process of hundred shades whole log

Fig.19: Association rules using FPGrowth algorithm for Jayabala 
dyeing process of hundred shades whole log

Fig. 20: Association rules using H-Mine algorithm for Jayabala 
dyeing process of hundred shades whole log
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Fig. 21: Association rules using LinkRuleMiner algorithm for 
Jayabala dyeing process of hundred shades whole log

V. Conclusion
Business process is modeled effectively using process mining 
and association rule mining algorithms. Therefore the process 
mining is used as technology in the business process with the 
help of many mining tools available in the market.  The most 
popular process mining tool ProM Framework and Weka Library 
of association rule mining algorithms were used in all business 
applications from last decade.  The ProM framework has many 
algorithms and also supports to add user defined algorithms.  The 
Weka library tool also has many association rule mining algorithms 
and if the user wishes to add their efficient algorithms. So far many 
mining algorithms and advanced mining techniques have been 
developed and implemented in this context. This paper contributes 
the researchers to identify suitable application to implement these 
process mining and association rule mining algorithms with ProM 
and Weka tools in future. 
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