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Abstract: Generally, data mining (sometimes called data or knowledge discovery) is the process of analyzing data from different
perspectives and summarizing it into useful information - information that can be used to increase revenue, cuts costs, or both.
Technically, data mining is the process of finding correlations or patterns among dozens of fields in large relational databases. On the
other hand Process mining is a process management technique that allows for the analysis of business processes based on event logs.
The basic idea is to extract knowledge from event logs recorded by an information system. Process mining aims at improving this by
providing techniques and tools for discovering process, control, data, organizational, and social structures from event logs. This paper
mainly supports a “missing link” between data mining and traditional model-driven BPM. Its primary objective is the discovery of
process models based on available event log data. The discovered process models can be used for a variety of analysis purposes. This
article provides an introduction to process mining. It addresses basic concepts necessary to understand and apply process mining.
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1. Introduction

Due to the rapid growth of digital data made available in
recent years, knowledge discovery and data mining have
attracted a great deal of attention with an imminent need for
turning such data into useful information and knowledge.
Many applications, such as market analysis and business
management, can benefit by the use of the information and
knowledge extracted from a large amount of data.
Knowledge discovery can be viewed as the process of
nontrivial extraction of information from large databases,
information that is implicitly presented in the data,
previously unknown and potentially useful for users. Data
mining is therefore an essential step in the process of
knowledge discovery in databases. [1]

In the past decade, a significant number of data mining
techniques have been presented in order to perform different
knowledge tasks. These techniques include association rule
mining, frequent item set mining, sequential pattern mining,
maximum pattern mining, and closed pattern mining. Most
of them are proposed for the purpose of developing efficient
mining algorithms to find particular patterns within a
reasonable and acceptable time frame. With a large number
of patterns generated by using data mining approaches, how
to effectively use and update these patterns is still an open
research issue. [4].

Primarily, with the advent of computers and means for mass
digital storage, we started collecting and storing all sorts of
data, counting on the power of computers to help sort
through this amalgam of information. Unfortunately, these
massive collections of data stored on disparate structures
very rapidly became overwhelming. This initial chaos has
led to the creation of structured databases and database
management systems (DBMS). The efficient database
management systems have been very important assets for

management of a large corpus of data and especially for
effective and efficient retrieval of particular information
from a large collection whenever needed.

The proliferation of database management systems has also
contributed to recent massive gathering of all sorts of
information. Today, we have far more information than we
can handle: from business transactions and scientific data, to
satellite pictures, text reports and military intelligence.
Information retrieval is simply not enough anymore for
decision-making. Confronted with huge collections of data,
we have now created new needs to help us make better
managerial  choices. These needs are automatic
summarization of data, extraction of the "essence" of
information stored, and the discovery of patterns in raw data.

(3]

With the enormous amount of data stored in files, databases,
and other repositories, it is increasingly important, if not
necessary, to develop powerful means for analysis and
perhaps interpretation of such data and for the extraction of
interesting knowledge that could help in decision-making.
Data Mining, also popularly known as Knowledge
Discovery in Databases (KDD), refers to the nontrivial
extraction of implicit, previously unknown and potentially
useful information from data in databases. While data
mining and knowledge discovery in databases (or KDD) are
frequently treated as synonyms, data mining is actually part
of the knowledge discovery process. The following figure
(Figure 1) shows data mining as a step in an iterative
knowledge discovery process. [3]
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Figure 1: An iterative knowledge discovery process.

The Knowledge Discovery in Databases process comprises
of a few steps leading from raw data collections to some
form of new knowledge. The iterative process consists of the
following steps: [15]

1) Data cleaning: also known as data cleansing, it is a
phase in which noise data and irrelevant data are
removed from the collection.

2) Data integration: at this stage, multiple data sources,
often heterogeneous, may be combined in a common
source.

3) Data selection: at this step, the data relevant to the
analysis is decided on and retrieved from the data
collection.

4) Data transformation: also known as data consolidation,
it is a phase in which the selected data is transformed into
forms appropriate for the mining procedure.

5) Data mining: it is the crucial step in which clever
techniques are applied to extract patterns potentially
useful.

6) Pattern evaluation: in this step, strictly interesting
patterns representing knowledge are identified based on
given measures.

7) Knowledge representation: is the final phase in which
the discovered knowledge is visually represented to the
user. This essential step uses visualization techniques to
help users understand and interpret the data mining
results. It is common to combine some of these steps
together. For instance, data cleaning and data integration
can be performed together as a pre-processing phase to
generate a data warehouse. [2]

Data selection and data transformation can also be combined
where the consolidation of the data is the result of the
selection, or, as for the case of data warehouses, the
selection is done on transformed data. [16] The KDD is an
iterative process. Once the discovered knowledge is
presented to the user, the evaluation measures can be
enhanced, the mining can be further refined, new data can be
selected or further transformed, or new data sources can be
integrated, in order to get different, more appropriate
results.[3]

Unlike Data mining, process mining focuses on the process
perspective: It includes the temporal aspect and looks at a
single process execution as a sequence of activities that have

been performed. Most data mining techniques extract
abstract patterns in the form of, for example, rules or
decision trees. In contrast, process mining creates complete
process models, and then uses them to precisely highlight
where the bottlenecks are.[13] Both Data Mining and
Process Mining goes under the concept, called Business
Intelligence.

Business intelligence refers to techniques and tools that are
used to analyze large amounts of digital data and retrieve
valuable business knowledge out of them. And that is true
for data mining techniques as well as process mining
techniques - albeit with different perspective on the analysis
and the results they produce. [14]

2. Similarities and Differences between Data
Mining and Process Mining

2.1 Similarities

1. Both techniques are used to analyze large amounts of data
that it would be impossible to analyze manually.

2.Both techniques produce information that can be used for
making business decisions.

3.Both techniques use the "mining" techniques where
algorithms traverse through large volumes of data, looking
for patterns and relationships.

Of course there are some similarities, as both techniques can
be categorized as Business Intelligence. But, as mentioned
before, the two techniques have different perspectives and
goals.[17]

2.2 Differences between Data mining and process
mining

Data mining techniques are using multi-dimensional views
(cubes) on data which can be drilled up and down (in
different aggregated levels). For example, a sale of a product
could have the related dimensions: region, month, measure,
product, version and so on and it is then possible to slice and
look at the cube of data and aggregated data in various ways
.A multi-dimensional cube is diagrammatically represented
as shown in the figure 2 below:
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Figure 2: An Example for sale of a product with its related
dimensions
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1) Data mining techniques are primarily used to find

patterns in large data sets. With data mining techniques it
may be possible to find that certain categories of
customers demand a certain product, or to find that the
customers who most frequently buy product A are also
the ones most often buying product B, or that the
products placed on a specific location in the shop while
running an advertising campaign, are also the ones that
sell the best. [17]
For Example a store which, through data mining
techniques, found out that the customers who shopped
the most was also that most often buying at special
Italian cheese that otherwise was not often sold.
Traditionally retailers would try to remove products with
very low turnover rates and replace them with products
[5] with better sales - the problem is that the removal of
goods according to the principle could lead to the best
customers having to look somewhere else (for the special
Italian cheese).

2) The inputs to data mining are tables with data.

3) Process mining is not used to find relationship data
patterns, but rather to find process relationships in the
data. Finding process relationships that provide an
overview of processes and activities in the process, and
deviations and process performance such as throughput,
bottlenecks and discrepancies refer figure 3.

External Events Q Information
System
Discovery
Event
Fremaen Conformance logs
_
Model Extension

Figure 3: Process Mining

4) Process mining is the use of data mining tools for the
purpose of information extraction from event logs. e.g.
the audit trails of a workflow management system or the
transaction logs of an enterprise resource planning
system. These can be used to identify process models,
products, informal organizations of business units, and
even monitor deviations. [10]

5) Process mining's perspective is not on patterns in the data
but in the processes the data represents.

6) The goal of process mining is to find information about
the business processes.

7) The inputs to the process mining analysis are event logs,
audit trails, and data and events stamped in the IT
systems.

3. Process Mining Technology

There are lots of data mining tools that are used to support
business decisions in specific areas (for example: which
products should be placed together in the supermarket, or:

where you should send your marketing flyer), but they do
not work well for processes.[12]

At the same time, organizations spend lots of money on
modeling processes. Because the process modeling is done
manually, these models are quickly becoming outdated and
out of touch with reality — and so they often they end up as
dead piles of paper that have no value.[6]

Process mining technology combines the strengths of both
data mining and process modeling: By automatically
creating process models based on existing IT log data,
process mining yields live models that are connected to the
business and can be updated easily at any point in time.
Refer figure 4 Process mining has more in common with
data mining than just the “mining” part: Just like data
mining, process mining takes on the challenge to process
large volumes of data that simply [5] cannot be evaluated by
hand anymore. Enterprise IT systems collect more and more
data about the business processes they support. These data
usually reflect very closely what happened in “the real
world” and can be a great source of insight for
understanding and improving the business.
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Figure 4: Process Mining Technology

Unlike data mining, process mining focuses on the process
perspective: It includes the temporal aspect and looks at a
single process execution as a sequence of activities that have
been performed. Most data mining techniques extract
abstract patterns in the form of, for example, rules or
decision trees. In contrast, process mining creates complete
process models, and then uses them to precisely highlight
where the bottlenecks are.[8]

In data mining, generalization is very important to avoid
what is called “over fitting the data”. [9,11]This means that
one wants to strip away all the examples that do not match
the general rule. In process mining, generalization is also
necessary to deal with complex processes and understand the
main process flows. However, understanding the exceptions
is often important to discover inefficiencies and points of
improvement. In data mining, models are often trained to
make predictions about future similar instances in the same
space. Quite a few data mining and machine learning
methods operate as a “black box” that spills out predictions
without the possibility to trace back the “why”.[7]

Because today’s business processes are so complex, accurate
predictions are often unrealistic. The gained knowledge and
deeper insights from the discovered patterns and processes
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help to deal with the complexity, which is where the true
value is.[5]

4. Process Mining bridging data mining and
big data (Event data) and business process
management

Process mining builds the bridge between data mining as a

business intelligence approach and business process
management.
Business Process mining Big data
processes bridges

Process

performance
analysis

Figure S: Process mining as a link between data mining and
traditional BPM.

Process mining is the “missing link" between data mining
and traditional BPM (Business Process Management). Refer
figure 5. Data mining provides valuable insights through
analysis of data, but is generally not concerned about
processes. This is where process mining comes into the
picture and gives the opportunity to get the same benefits of
data mining, when working with processes and process
improvements. [17]. Process mapping can be done with
mining techniques instead of brown -paper workshops and
interviews. And the process performance analysis can be
made on existing data mining techniques without first
collecting data through work studies.

5. Conclusion

Now a days Business processes become more and more
complex and information systems support or even automate
the execution of business transactions in modern companies.
Business intelligence aims to support and improve decision
making processes by providing methods and tools for
analyzing data. Business Intelligence (BI) and Process
Mining (PM), is presented a framework for improving the
decision-making processes in organizations. Process mining
builds the bridge between data mining as a business
intelligence approach and business process management. Its
primary objective is the discovery of process models based
on available event log data.

6. Future Scope

Process mining offers auditors a new and powerful tool to
perform analytic procedures in many Business applications.
Researchers have explored many different analytic
procedure tools, ranging from simple ratio analysis to
continuity equations (as a means of modeling business
processes and cluster analysis. Process mining does not
replace these techniques, but rather, provides way of refining
their results [18].
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