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Abstract

Click stream data from an e-commerce website can focertain pattern that describes visitor behatibis pattern can be used to determine
alternative access sequence to surf the welssitdgorithm and Genetic Mining are two of the mostramon methods for pattern recognition
that use frequent sequence item set approach.sfidy used heuristic miner algorithm, an advanceoh fof these methods, to discover the
pattern of visitor behavior in e-commerce websitélgorithm assumes that an activity in a websiteorded in the data log is a complete
sequence from start to finish, without any tolemfar incomplete data or data with noise. On tieeohand, Genetic Mining is a method that
tolerates incomplete data or data with noise, stait generate a more detailed e-commerce visiwgsacpattern. In this study, the same
sequence of events was obtained from six-generzattérns. The resulting pattern describes the seguef how visitors access the e-
commerce website. This sequence can be used ta@ntiee e-commerce website based on visitor behavio

Keywords:Heuristic Miner, Visitor Behavior, Access Pattern

recorded in the form of log data [5]. The log detetain the
identity of e-commerce users along with their briogys
E-commerce is a modern web based application thléhavior on the website.

consists of buying process, sales process, andféramr Heuristic Miner algorithm is an evolved form af-
exchange goods and services, via the internet.nfiverce Algorithm. The two methods use frequent item sedraach
does not require the physical presence of the mest and to do the mining processs-Algorithm assumes that an
its transactions can be done at anytime, anywhegardless activity in data log is complete sequence fromtdtafinish,
of distance [1,2]. In e-commerce, customers puretgmds without any tolerance for incomplete data or daith woise.
or services using the facilities available in theoenmerce 10 obtain the access pattern, Heuristic Miner ndedsdata
websites across the world [3]. E-commerce is ddfiag an Which consists of timestamps, cases, and activities
activity of selling and buying products, provisiofservices | mestamps are used to determine activity sequenities
and information via computer networks, especiallye t resulting sequence is a heuristic net that descridmmplex

internet [4]. Furthermore, as Riggistateghat e-commerce is gg\(/:vefhsatpr?gergnosninaa\c,:\lti?lé:t;[%l]s pattern showprtieess
not limited to trading activities, but includes ariety of PP '

processes in an organization that supports thectigs of the . Varlogs mining techniques have been .used to extract
business. The number of transactions that occurgugie e- information from log data. As Senkul and Salin ngt Web

commerce from around the world creates an enormngage Mining is used to provide the recommendeapégy

amount of data generated in a variety of forms famohats, gco(;i::;er:\:ﬂﬁs\;]vreabsclgi(\j/llﬁgas : ar:zaorghp:gﬁistr;btwr%m
ranging from transactions data, customer data, ymtizh 9 : diireg log

data, sales data, consumers access data, web ti@vidata, d.a'Fa using FP-Growth algontlh.m t.o gain the _mosqli&nt
and so on. With the fact that the data producéuige, a wide visitor access p_atterns. Classification methodlss_~ aised to
range of technologies and methods are developefintb e;ti:]acgégéc;rsmagzgr:gnlghsuggrg::g’ fisnfornddﬁgmﬁgi&
hidden information that can be derived from thestadE- Igndia P

commerce companies record user activities to gatuah '

information about their customers based on userawets a Bl?esc?(tjo g?cotrrr]]en‘?grcseuljgIetsziét:?;nsrggic,:ﬂgirt algogitrr]\sm '
when they perform certain procedures. The usevitieti are PP 9 P 9

behavior. Then the prediction is compared to curren

1. Introduction
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commerce visitor's access data, so it can sertkeabasis for
functionality and appearance enhancement of e-caoneme

© 2017 KIPMI



2 Diah et al. / Communications in Science and Teldgyo21) (2017 1-5

websites. The main purpose of this process is twige
services that better match the user’s interest$0]9,To
conduct an analysis of web logs, the web log diash fieeds
to be split into sessions. Sessions are defindteaperiod of
continuous web browsing activity or web page digpleder.
Sessions can also be seen as a sequence of uagrbahich
as visiting a website, doing the work, and thervileg or Web Content Web Structure Web Usage
logging out from the website [11]. Furthermore, adat Mining Mining Mining
preprocessing is performed to align the log dath wie data
needed at the pattern discovery stage.

This research proposes an alternative way to olviaitor MTj’t‘itmae”(:a Hyperlink Web Log
access pattern using heuristic miner algorithm-spremerce Document Structure Records
website data log. The underlying idea of obtairtinig pattern
is to enhance the e-commerce website based ororvisit Fig. 1. Web mining categories and objects [17]
behavior.

Web Mining

2 Materials and M ethods Table 1. Web mining categories [12]

2 1 Data Web Mining
Web Content Mining St\r/L\fgtt:Jre Web Usage
This study uses 500 click stream data from 7 dfiere- IR View DB View Mining Mining
commerce websites to gain consumers’ access patfEnese Unstructured €M
collections of log data are downloaded from ECMLIMK View of NSUUCIred sructure  Link Interactivity
2005 Discovery Challengelisp.vse.cz/challenge/CURRENT/ Data Structure \S’gb Site as  Structure
The log data consist of records of every user ggtivom 7 Toxt
different e-commerce website from the first timeythinteract Main Data _documents  -Hypertext  Link Server Logs
with the website until they leave or log out frone twebsite -Hypertext Documents  Structure Browser
documents Logs
Bag of Edge .
2.2.Method words, n- Labeled _l}?aeé?gonal
gram Terms,  Graph,
Based on the type of the extracted data, web micamy RePresen-  Phrase, Graph
be organized into 3 categories [12-17], namely: tation concepts or -
g g [ ]! y: ontology Relational Graph
. Relational
1. Web Content Mining (WCM) _ . .
. . Machine Proprietary Machine
A data mining technique used to generate Learning algorithms Learning
information about the content of a web documenk/| - Proprietary o, . .
. . . ethod Statistical _— . Statistical
The web document can be text, images, audio, video, (include Association algorithms ~ _~—_—_ — ~____
. rules Association
or structured records such as lists and tables. NLP) Rules
2. Web Structure Mining (WSM) Finding
A data mining technigue used to generate Categorizatio frequent Categorizatio ~ Site _
information about the structure of a website. This n Stib . n Construction
technique is divided into two parts: hyperlinks and structure Adaptation
document structures. Applicatio oy, crering and
3. Web Usage Mining (WUM) n Category Web site Management
A data mining technique used to find web usage Finding schema Clustering 12 rketing
patterns from web usage data in order to understand m& discovery ser
and provide better services to the web-based patterr?mtext Modeling

applications [18]. The resulting pattern is derived
from the classification of web data, application Tpe steps undertaken in WUM is divided into the

server data, and application level data. following 3 stages [17,19,20]:

Each of this 3 categories can be applied separately 1. Pre-proc_essing _ _
simultaneously [17]. The available data have a tendency to contain noise

Web Usage Mi_ning (WUM) focuses on techniques used t mpomplete and |ncon5|_stent. At this stage, thea dat
predict the behavior of users as they interact with world will be processed to suit the needs of the nexsgha
wide web WUM collects data from web log records to find This stage includes data cleansing, data integratio
user access patterns as they browse web pagesediits of data transformation and data reduction.
this analysis can be used for pages personalizasigstem 2. Pattern discovery _
enhancement, sites modification, business inteltiggor user At this stage, several methods and algorithms asch
characterization. statistic, data mining, machine learning and patter

recognition can be applied to get the pattern.
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3. Pattern Analysis

Log data filtering conducted in this study providedlear

The pattern that has been found then analyzed alwhit when an event initiated. An event was ingidtwhen a

displayed using visualization and interpretatiom, i
order to be easily understood by the user.

2.3.Heuristics Miner

Heuristic Miner is one of the algorithms in MiniRgocess
used in the discovery phase. This algorithm focueaes

visitor started accessing an online shop websitaclwwas
the home page. Every activity undertaken by théaorisafter
an event was initiated, was considered as pateftent in
the visitor's session. The closing of the event waslimited
in order to get the habit patterns of online stnasitor in
general (i.e. whether it would always end up urlik
checkout process or not).

measuring the frequency dependency between evemis a

traces to build a process model. There are segtepb that
have to be implemented in this phase [6]:

» Building a Dependency Graph
Dependency Graph
dependency (causality) between events. There precgsses
in building a dependency graph, and they are: thation of
matrix dependency, one loop dependency length, tamd
loop dependency length.

Causal Matrix

In reality, a process can be done simultaneousya(lel),
but in an event log, it is very difficult to detema whether
the process runs sequentially or simultaneously. avoid
errors in the process model visualization, this riétic Miner
uses Causal Matrix to represent the process m@haisal
Matrix creation is conducted after the DependencgpB is
built. Whether an event has branches or not, it lmarseen
within this Dependency Graph. In this Causal Mathiere are
two types of non-observal activities, that are ABBd XOR.
Non-observal AND activity states that a branchirggivity
can be done in parallel or simultaneously, while ton-
observal XOR activity states that a branching #gtimay
only select one lane only.

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 m@s
specific standard on how to record visitor's atitdd, so the
information stored in the log data varied. In orderget a
sequence of event appropriately, the log data lade

preprocessed. In this study, 2 types of data witerefd:

sessions and timestamps

Session was defined as the unit that counted tloesanof
time of the event done by one particular web wvisifbhe
length of time for a session varied. In e-commeccamonly
used standard for one session is 30 minutes, sonan a
visitor visits an online store in 31 minutes, it@nsidered as a
new session and a new visitor. This affected thpisece of
events made by visitors in this study.

Timestamp is a marker of time documented by a caenpu
when an event occurs. Timestamp can be used asen t
functions in the smallest scope ranging from houorsutes,
seconds, down to milliseconds. In the same timgstaem
occur several different events from different oalishop
visitors. A session may consist of a number of edédht
timestamps. Fig. 2 is a click stream data tablesisting of
TimelD as timestamps, Sessions and Visited Pages.

is a model that represents the

|£| CSV Preview (499 rows - scroll down to load more)

Data Type DISCRETE |DISCRETE LITERAL
Data Pattern

[Trace Attribute

IXES Extension Attribute

Event Attribute

TimelD
TimelD

1074585614
1074585615
1074585614
1074585616
1074585613
1074585616
1074585616
1074585616
1074585616
1074585618
1074585618
1074585618
1074585620
1074585619
1074585620
1074585621
1074585621
1074585621
1074585621
1074585622
1074585622
1074585622
1074585620
1074585622
1074585623

Session

Visited Page

Visited Page

1c93382f635822e9d...
291622357651646f7... obchody-elektro
69cGeTad2f4a1652d... (dt
4706abe8c12achrb... |Is
3cd540088a904car... |Is

dt

dt

dt

dt

Is

Is

dt

Is

dt

dt

dt

ct

Is

dt
poradna
dt

Is

Is

dt

dt

dt

89ccfad2c4bbe02c9...
9de531756fcbb4199...
a252d0c1b518bfI6S...
071bc5f66eeb13114...
17bif4cO8T964135dbe...
1c933821635822e9d...
Jafd257785a17e530...
3cd540088a904caf...
697 3db66870e852fT...
003187 Tce5e977cl...
66d11c17d04d7I006...
Gadd12a2b275f052c...
45ed48a50179cb01...
ad0b1dba3430ba91i...
46b4037b211def7i5...
1c93382f635822e9d...
4706abe8c12ach7b...
3cd540088a904ca7...
chf84093e47404234...
4ec0df90ad5170db3...

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

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

Table 2. Log data filtering results

Filtering Start Event End Event Event Filter
1 90% 90% 90%

2 80% 80% 80%

3 90% 90% 100%

4 80% 80% 100%

3.2.Pattern Discovery

Pattern discovery was conducted to obtain e-comenerc

website visitor behavior patterns. The results ftmlog data
filtering process in the previous stage was usethig stage.
The values of variables resulting from filteringopess were
as follows: start event = 80%, end event = 80%, eweht
filter = 100%. In this study, the pattern discovergcess was
conducted using Heuristic Miner Algorithm tool ino®1. The
variable dependency values used in heuristic mafgwrithm
was tested on several values, that is 80%, 90%%1@hd
without dependency value. Fig. 3 is a pattern tegulfrom
heuristic miner with dependency value of 80%. Tiadtern
Wescribes the sequence of e-commerce website rgisito
behavior as follows:

1. home-> product category> product sheet
2. home-> product category> product shee®
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 searghproduct sheet

znacka

findf

ct findp

Fig. 3. Pattern discovery with dependency 80%

Fig. 4 is a pattern resulting from heuristic minsith
dependency value of 90%. This pattern describesdbjaence
of e-commerce website visitors behavior as follows:

1. home-> product category> product sheet> detail
of product-> parameters based sear¢h product
sheet

2. home-> product category> product sheet> detail
of product-> list of brand name product sheet

3. home-> fulltext search> detail of product> list of
brand names> product sheet

4. home > fulltext search—-> detail of product->

parameters based searghproduct sheet

—
ct \ ] findp
findf » znacka

Fig. 4. Pattern discovery with dependency 90%

Fig. 5 is a pattern resulting from heuristic mingith
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the beginning of the home state, there are 2 bemaip to
full text search or go to product category. It medmt after
visitor accesses the home page, they usually acbestull
text search or product category before they movénd¢onext

page.

—
ct \ L findp
findf » znacka

Fig. 5. Pattern discovery with dependency 100%

findf znacka

dt

Fig 6 Pattern discovery with dependency ignored

ct

The sequential pattern on the other hand is showthé
direction of the arrows depicting the sequencevehés from
one event to another event. As an example, depictEdjure
3, the second access pattern is hetngroduct category>
product sheet> detail of product-> product sheet. This
shows that product sheet is the last event butheotast state
because there is a reverse direction arrow to ld&ftairoduct
and then back to product sheet again. This acaaseace
describes the events passed by visitors.

dependency value of 100%. This pattern describes th. Conclusion

sequence of e-commerce website visitors behavitollasvs:

1. home-> product category> product sheet> detail
of product-> parameters based sear¢h product
sheet

2. home-> product category> product sheet> detail
of product-> list of brand name product sheet

3. home-> fulltext search> detail of product> list of
brand names> product sheet

4. home > fulltext search—-> detail of product->

parameters based sear@hproduct sheet

Six patterns describing the e-commerce websitetovisi
behavior are generated from the heuristic mineorétgm. A
number of events that are used in the pattern désggphase
depends on the log data filtering variables usedpie-
processing. In this study, the number of eventsd use
heuristic miner algorithm were 7 events.
variables used in heuristic miner algorithm affibet sequence
of events and the end of event conducted by e-cooame
website visitors. All of the resulting patterns arigiated from
the home event, because at the log data filteringgss, it is

Fig. 6 is a pattern resulting from heuristic minedetermined that when a visitor visits the home paigevill

regardless of the dependency value. This pattesorithes the
sequence of e-commerce website visitors behavitollasvs:
1. home-> product category> product sheet
2. home—> product category> product sheet> detail
of product-> product sheet
home-> fulltext search> detail of product> list of
brand names> product sheet
home > fulltext search-> detail of product->
parameters based sear@hproduct sheet

3.

4.

Based on the resulting pattern, causal matrix anmisigc
miner algorithm indicated that an event can be dommarallel
or sequentially. An event is done in parallel witle presence
of branches in some events resulting from the pwate
generated. This can be seen from the 4 resultitigrpa. In

initiate the event, while the closing of the eveist
undetermined. The same sequence of event is obt&iom
the six generated patterns, namely that visitoes @ften
access the home page and then the product catpggey or
the home page and then the full text search page.
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