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Abstract
Click stream data from an e-commerce website can form a certain pattern that describes visitor behavior. This pattern can be used to determine
alternative access sequence to surf the website. σ-Algorithm and Genetic Mining are two of the most common methods for pattern recognition
that use frequent sequence item set approach. This study used heuristic miner algorithm, an advanced form of these methods, to discover the
pattern of visitor behavior in e-commerce website. σ-Algorithm assumes that an activity in a website recorded in the data log is a complete
sequence from start to finish, without any tolerance for incomplete data or data with noise. On the other hand, Genetic Mining is a method that
tolerates incomplete data or data with noise, so it can generate a more detailed e-commerce visitor access pattern. In this study, the same
sequence of events was obtained from six-generated patterns. The resulting pattern describes the sequence of how visitors access the ecommerce website. This sequence can be used to enhance the e-commerce website based on visitor behavior.
Keywords: Heuristic Miner, Visitor Behavior, Access Pattern

1. Introduction
E-commerce is a modern web based application that
consists of buying process, sales process, and transfer or
exchange goods and services, via the internet. E-commerce
does not require the physical presence of the customers, and
its transactions can be done at anytime, anywhere, regardless
of distance [1,2]. In e-commerce, customers purchase goods
or services using the facilities available in the e-commerce
websites across the world [3]. E-commerce is defined as an
activity of selling and buying products, provision of services
and information via computer networks, especially the
internet [4]. Furthermore, as Riggins states that e-commerce is
not limited to trading activities, but includes a variety of
processes in an organization that supports the objectives of the
business. The number of transactions that occur using the ecommerce from around the world creates an enormous
amount of data generated in a variety of forms and formats,
ranging from transactions data, customer data, production
data, sales data, consumers access data, web navigation data,
and so on. With the fact that the data produced is huge, a wide
range of technologies and methods are developed to find
hidden information that can be derived from these data. Ecommerce companies record user activities to gain actual
information about their customers based on user behaviors
when they perform certain procedures. The user activities are
* Corresponding author.
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recorded in the form of log data [5]. The log data contain the
identity of e-commerce users along with their browsing
behavior on the website.
Heuristic Miner algorithm is an evolved form of σAlgorithm. The two methods use frequent item set approach
to do the mining process. σ-Algorithm assumes that an
activity in data log is complete sequence from start to finish,
without any tolerance for incomplete data or data with noise.
To obtain the access pattern, Heuristic Miner needs log data
which consists of timestamps, cases, and activities.
Timestamps are used to determine activity sequences. The
resulting sequence is a heuristic net that describes complex
access pattern on a website. This pattern shows the process
flow that happens in actual data [6].
Various mining techniques have been used to extract
information from log data. As Senkul and Salin note [7], Web
Usage Mining is used to provide the recommended pages for
e-commerce website visitors based on profiles obtained from
log data. Mishra conducted a research in extracting the log
data using FP-Growth algorithm to gain the most frequent
visitor access patterns. Classification method is also used to
extract information from the log data, as conducted in [8], to
gain access patterns of customers from India and outside
India.
Based on these studies, Heuristic Miner algorithm is
applied to e-commerce log data to predict customer browsing
behavior. Then the prediction is compared to current ecommerce visitor’s access data, so it can serve as the basis for
functionality and appearance enhancement of e-commerce
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websites. The main purpose of this process is to provide
services that better match the user’s interests [9,10]. To
conduct an analysis of web logs, the web log data first needs
to be split into sessions. Sessions are defined as the period of
continuous web browsing activity or web page display order.
Sessions can also be seen as a sequence of user behavior such
as visiting a website, doing the work, and then leaving or
logging out from the website [11]. Furthermore, data
preprocessing is performed to align the log data with the data
needed at the pattern discovery stage.
This research proposes an alternative way to obtain visitor
access pattern using heuristic miner algorithm on e-commerce
website data log. The underlying idea of obtaining this pattern
is to enhance the e-commerce website based on visitor
behavior.

Fig. 1. Web mining categories and objects [17]

Table 1. Web mining categories [12]

2. Materials and Methods

Web Mining

2.1. Data

Web Content Mining

This study uses 500 click stream data from 7 different ecommerce websites to gain consumers’ access patterns. These
collections of log data are downloaded from ECML/PKDD
2005 Discovery Challenge (lisp.vse.cz/challenge/CURRENT/).
The log data consist of records of every user activity from 7
different e-commerce website from the first time they interact
with the website until they leave or log out from the website
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2.2. Method
Based on the type of the extracted data, web mining can
be organized into 3 categories [12-17], namely:
1.

2.

3.

Web Content Mining (WCM)
A data mining technique used to generate
information about the content of a web document.
The web document can be text, images, audio, video,
or structured records such as lists and tables.
Web Structure Mining (WSM)
A data mining technique used to generate
information about the structure of a website. This
technique is divided into two parts: hyperlinks and
document structures.
Web Usage Mining (WUM)
A data mining technique used to find web usage
patterns from web usage data in order to understand
and provide better services to the web-based
applications [18]. The resulting pattern is derived
from the classification of web data, application
server data, and application level data.

Each of this 3 categories can be applied separately or
simultaneously [17].
Web Usage Mining (WUM) focuses on techniques used to
predict the behavior of users as they interact with the world
wide web. WUM collects data from web log records to find
user access patterns as they browse web pages. The results of
this analysis can be used for pages personalization, system
enhancement, sites modification, business intelligence, or user
characterization.
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The steps undertaken in WUM is divided into the
following 3 stages [17,19,20]:
1.

2.

Pre-processing
The available data have a tendency to contain noise,
incomplete and inconsistent. At this stage, the data
will be processed to suit the needs of the next phase.
This stage includes data cleansing, data integration,
data transformation and data reduction.
Pattern discovery
At this stage, several methods and algorithms such as
statistic, data mining, machine learning and pattern
recognition can be applied to get the pattern.
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3.

Pattern Analysis
The pattern that has been found then analyzed and
displayed using visualization and interpretation, in
order to be easily understood by the user.

2.3. Heuristics Miner
Heuristic Miner is one of the algorithms in Mining Process
used in the discovery phase. This algorithm focuses on
measuring the frequency dependency between events and
traces to build a process model. There are several steps that
have to be implemented in this phase [6]:
• Building a Dependency Graph
Dependency Graph is a model that represents the
dependency (causality) between events. There are 3 processes
in building a dependency graph, and they are: the creation of
matrix dependency, one loop dependency length, and two
loop dependency length.
• Causal Matrix
In reality, a process can be done simultaneously (parallel),
but in an event log, it is very difficult to determine whether
the process runs sequentially or simultaneously. To avoid
errors in the process model visualization, this Heuristic Miner
uses Causal Matrix to represent the process model. Causal
Matrix creation is conducted after the Dependency Graph is
built. Whether an event has branches or not, it can be seen
within this Dependency Graph. In this Causal Matrix there are
two types of non-observal activities, that are AND and XOR.
Non-observal AND activity states that a branching activity
can be done in parallel or simultaneously, while the nonobserval XOR activity states that a branching activity may
only select one lane only.

Log data filtering conducted in this study provided a clear
limit when an event initiated. An event was initiated when a
visitor started accessing an online shop website, which was
the home page. Every activity undertaken by the visitor, after
an event was initiated, was considered as part of the event in
the visitor’s session. The closing of the event was not limited
in order to get the habit patterns of online store’s visitor in
general (i.e. whether it would always end up until the
checkout process or not).

Fig. 2. Click stream data of e-commerce website

In this study, log data filtering is conducted using Filter
Log package in ProM. The filtering process is performed on
several variables as follows: start event, and event, and event
filters.

3. Results and Discussion
3.1. Log Data Filtering
Sequence of events was generated from log data, but
sometimes log data could define a sequence of event
appropriately. This problem arose because there was no
specific standard on how to record visitor’s activities, so the
information stored in the log data varied. In order to get a
sequence of event appropriately, the log data had to be
preprocessed. In this study, 2 types of data were filtered:
sessions and timestamps.
Session was defined as the unit that counted the amount of
time of the event done by one particular web visitor. The
length of time for a session varied. In e-commerce, commonly
used standard for one session is 30 minutes, so that when a
visitor visits an online store in 31 minutes, it is considered as a
new session and a new visitor. This affected the sequence of
events made by visitors in this study.
Timestamp is a marker of time documented by a computer
when an event occurs. Timestamp can be used as a time
functions in the smallest scope ranging from hours, minutes,
seconds, down to milliseconds. In the same timestamp can
occur several different events from different online shop
visitors. A session may consist of a number of different
timestamps. Fig. 2 is a click stream data table consisting of
TimeID as timestamps, Sessions and Visited Pages.
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Table 2. Log data filtering results
Filtering
1
2
3
4

Start Event
90%
80%
90%
80%

End Event
90%
80%
90%
80%

Event Filter
90%
80%
100%
100%

3.2. Pattern Discovery
Pattern discovery was conducted to obtain e-commerce
website visitor behavior patterns. The results from the log data
filtering process in the previous stage was used in this stage.
The values of variables resulting from filtering process were
as follows: start event = 80%, end event = 80%, and event
filter = 100%. In this study, the pattern discovery process was
conducted using Heuristic Miner Algorithm tool in ProM. The
variable dependency values used in heuristic miner algorithm
was tested on several values, that is 80%, 90%, 100%, and
without dependency value. Fig. 3 is a pattern resulting from
heuristic miner with dependency value of 80%. This pattern
describes the sequence of e-commerce website visitors
behavior as follows:
1. home product category product sheet
2. home product category product sheet
detail of product product sheet
3. home
fulltext search
detail of product
list of
brand names product sheet

4
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4.

home
fulltext search
detail of product
parameters based search product sheet

the beginning of the home state, there are 2 branches, go to
full text search or go to product category. It means that after
visitor accesses the home page, they usually access the full
text search or product category before they move to the next
page.

ct
/

Fig. 3. Pattern discovery with dependency 80%
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Fig. 4 is a pattern resulting from heuristic miner with
dependency value of 90%. This pattern describes the sequence
of e-commerce website visitors behavior as follows:
1. home
product category
product sheet
detail
of product
parameters based search
product
sheet
2. home
product category
product sheet
detail
of product list of brand names product sheet
3. home
fulltext search
detail of product
list of
brand names product sheet
4. home
fulltext search
detail of product
parameters based search product sheet
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Fig. 4. Pattern discovery with dependency 90%

Fig. 5 is a pattern resulting from heuristic miner with
dependency value of 100%. This pattern describes the
sequence of e-commerce website visitors behavior as follows:
1. home
product category
product sheet
detail
of product
parameters based search
product
sheet
2. home
product category
product sheet
detail
of product list of brand names product sheet
3. home
fulltext search
detail of product
list of
brand names product sheet
4. home
fulltext search
detail of product
parameters based search product sheet
Fig. 6 is a pattern resulting from heuristic miner
regardless of the dependency value. This pattern describes the
sequence of e-commerce website visitors behavior as follows:
1. home product category product sheet
2. home
product category
product sheet
detail
of product product sheet
3. home
fulltext search
detail of product
list of
brand names product sheet
4. home
fulltext search
detail of product
parameters based search product sheet

Fig. 5. Pattern discovery with dependency 100%

Fig 6 Pattern discovery with dependency ignored

The sequential pattern on the other hand is shown by the
direction of the arrows depicting the sequence of events from
one event to another event. As an example, depicted in Figure
3, the second access pattern is home
product category
product sheet
detail of product
product sheet. This
shows that product sheet is the last event but not the last state
because there is a reverse direction arrow to detail of product
and then back to product sheet again. This access sequence
describes the events passed by visitors.
4. Conclusion
Six patterns describing the e-commerce website visitor
behavior are generated from the heuristic miner algorithm. A
number of events that are used in the pattern discovery phase
depends on the log data filtering variables used in preprocessing. In this study, the number of events used on
heuristic miner algorithm were 7 events. Dependency
variables used in heuristic miner algorithm affect the sequence
of events and the end of event conducted by e-commerce
website visitors. All of the resulting patterns are initiated from
the home event, because at the log data filtering process, it is
determined that when a visitor visits the home page, it will
initiate the event, while the closing of the event is
undetermined. The same sequence of event is obtained from
the six generated patterns, namely that visitors are often
access the home page and then the product category page or
the home page and then the full text search page.
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