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Abstract

Web Usage Mining is an aspect of data mining tleat received a lot of attention in
recent years. Academic researchers have develapextansive array of tools that
perform several data mining algorithms on log fitesning from web servers in order
to identify user behavior on a particular web siierforming this kind of
investigation on AAU web site can provide infornoatithat can be used to better
accommodate the user’s needs.

The Web Use Mining (WUM) , it corresponds to theqass of knowledge discovery
from databases (KDD) applied to the Web usage dtatamprises three main stages:
the preprocessing of raw data, the discovery ofesas and the analysis (or
interpretation) of results. A WUM process extraothavioral patterns from the Web
usage.

In this thesis, we find out the navigational bebawf the user of official web site of
Addis Ababa University web server recorded in wedyver for two months
(November and December), those recorded are raavtdat are full of junks, noises
and irrelevant data contents .In this paper presgmeprocessing tool WUMprep that
uses to filter those unnecessary data, such dsviar records, noise data, and it
crates the sessions based on specific thresholds.

For discovery of navigational behavior, here présdahe Web Utilization Miner
WUM, a mining system for the discovery of interagtinavigation patterns. The
interestingness criteria for navigation patterns dynamically specified by the
researcher using WUM’s mining language MINT, usthgse descriptor it can be
describe the general behavior of users insteathgfesusers behavior using the most
appropriate algorithms known (Generalized sequerattern) which implemented in
WUM.

The General behavior of users constructed by G§6ridims those behaviors are
descried using the MINT query. Those MINT query arermediate between the

users and pages.
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The researcher of this paper also recommend ihaetta better result by combining
the web usage mining with content mining techegjof web usage. Of course
without any doubt it could give a better resultenms of efficiency and effectiveness

results.
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Web Terminology and Definition
In accordance with the world wide Consortium's (W3@ork on Web

characterization terminology Magdalini,P.2006 basedthat the definition are as
follows:

* A Web server
Server provides access to the Web resources.

* A Webresource
A Resource accessible through any version of tRAermd protocol,(for
Example, HTTP 1.1 or HTTP-NG).

A Web page
The set of data constituting one or several Wetbures that can be
identified by an URI.

» PageView
It occurs at a specific moment in time, when a Wadpegs displayed in a Web
browser.

e User Session
A delimited number of user's Web requests (embedudedser-input, also
called clicks), across one or more Web servers.

« Visit
A subset of consecutive page views from a userigesscurring closely
enough (by means of a time threshold or a semadlytidestance between
pages).

- Web Request
A request made by a Web client for a Web resoulicean be explicit
(initiated by the user), or implicit (initiated bthe Web client). Another
differentiation is: embedded Web request (a requeste following a link) or
user-input Web request (a request manually indiatg the user, e.g. by
typing the address in the address bar, selectirg atddress from the

bookmarks, history, etc.).
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*  Web Browser or Web Client
Client or software, which is capable of sending WeQuests, handling the
responses and displaying the requested URIs.

» Session
We refer to a session as a set of web resourceesexyl during a website
visit. It is hard to define session accurately. Wlaewebsite visitor browses
through a website, and then makes a pause andsetuer/his visit may be

considered as one or two sessions.
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Abbreviation

Some of the abbreviations and acronyms used thouighis thesis are listed below:

AAU Addis Ababa University

CERN Center for EurapéNuclear Research

CLF Common Log Format

CRM Customer Relationship Management

DNS Domain Naming System

ECLF Extended Common Log Format

ETC Ethiopian Telecommunication
Corporation

FQDN Fully Qualified Domain Name

GMT Greenwich Mean Time

GSP Generalized Sequence Pattern

HTTP Hypertext Transfer Protocol

ICT Information Communication and
Technology

IBM International Business machine

KDD Knowledge Discovery in Data

LODAP Log Data Preprocessor

NCSA National Computer Security Association

OLAP Online Analytical Process

URL Uniform Resource Locator

VPN Virtual Private Network

WAN Wide Area Network
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WWW World Wide Web

WUM Web Utilization Miner

WUM Web Usage Mining

WUMprep Web mining pre-processing
WUMprep4Weka Web mining pre-processing for Weka
W3C World Wide Web Corporation
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CHAPTER ONE: INTRODUCTION

1.1.Background

In 1990 the internet was initially designed for leaxnge mails between users later it
becomes trendy for use of WWW. The www or 3w in npepular services among
almost any other services the internet provideserdhare number of services
providers (ISP) for the use of the internet actbgsworld. In Africa, the number of
the internet users increasing and increasing friome to time. 5.6% of the world
internet users are from Africa, further explainédhows 2,357.3 %growth from the
year 2000-2010 similarly, Ethiopia has 0.4 % shamgong African internet users
.Even if this seems insignificant when it compamsith the rest of the world,
generally speaking the number of the internet acties world getting increasing and
increasing in dramatic way thorough out worldwigme of the various reasons for
the development of the internet in Ethiopia calseluge amount of investment in
infrastructure like in education ,telecommunicatiand development in others

sectors.

Addis Ababa University, one of the oldest higheu@ation institutes in Africa with

current enroliment of over 40,000 students in @gutar and continuing education
programs. The various faculties of the Universitg distributed over eight major
campuses and eight minor campuses, all within #pital, except one that is 45 km

south of the capital.

Four major campuses (Main Campus, Business Canigdnology Campus, and
Science Campus) form the core network and connecigdfiber network. The
remaining campuses are connected with virtual privetwork (VPN) provided by
the national service provider the Ethiopian Telesamication Corporation (ETC).
Addis Ababa University (AAU) has adopted informaticand communication
technology (ICT) resources as strategic tools imaading its mission of learning,
teaching, and public service. As such, the propegration, use, and management of
ICT resources have become vital to the succesiseotimiversity. Proper integration,

use, and management of AAU's ICT resources entailspng others, equitable

! http://www.internetworldstats.com/stats1.htm#africa
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sharing of their limited capacity, protection ofnsgive information to which they

provide access, prevention of abusive practicebledaby their use, and ensuring

their manageability through technology standaribrét

There are number of services provided by the Addiaba University, one of the
popular services are the WWW(world wide web) amootper services like
teleconference ,data service ,those web servieedigide in two as the official web
site (internet ) and intranet which is not ableb® accessed outside the university
which uses for local uses. The official web siteemsed through the public Ip address
offered by the ETC.

The official web services of AAU an organized ection of Web pages information
is presented in various formats , ranging from aede papers, and educational
content, to multimedia content, blogs .that's whg getting information from the

official web site is the matter of click-streamsthme internet of course if there is
connectivity. As the result the web pages are sgras a bridge between information

providers and the information seekers.
1.2.1CT Development in AAU?

The ICT Development Office was established aroura dummer of 1996 through
visionary leadership a few individuals who realizbdt the AAU would be wise to

join the information age by adopting the technoldlgt has been transforming the
world. The newly formed office initiated a projeeimed AAUNet that has resulted in
a wide area network (WAN) whose first phase of tmmsion was completed in

November of 2001.

The network, which connects all the 14 widely dligtted campuses of the university,
has been growing since. The services deliveredugitrdhe infrastructure have also
been increasing. Despite the pioneering role AAS played in the deployment and
use of ICT and the fact that it now has a relayivebphisticated infrastructure,
however, it is still far from a point where it ideguately served by ICT. At the same
time, AAU’s need for and dependence on effectivé Bhipport is now greater than

ever.

? www.aau.edu.et/administration/DRAFT ICT POLICY AT AAU
3 www.aau.edu.et/administration/ICT
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The national attention given to the expansion amgrovement of higher education as
critical factors in the country’s development hapleit and implied requirements for
the use of ICT in realizing the objectives. AAUdea as a major contributor to these
expansion and enhancement efforts, along withtiperatives contained in its own
ambitious strategic plan, call for the speedy improent of the efficiency and quality
of its academic and administrative functions. Thishard, if not impossible, to
accomplish without adequate ICT support. There amgently various initiatives
underway, both at the ICT Development Office andiots quarters around the
university, to meet the growing demand for and edslithe ICT support needs of the

university.
1.3.The AAU Official web site

The Addis Ababa university official web site wasbfished around some seven years
ago .As the ICT development office of AAU (whiclave mentioned in previous
section) is engaging in ICT related works ,theaiddi web page develop and maintain
by this office. the web site is hosted on AAU’s osgrver which is located in main
campus of the university (6 kilo), The official wetite have the domain of

www.aau.edu.eand have statistical |IP address.

1.4.Purpose and User Community
The official web site being in work to deliver imfpation both the university activity,
in general and about academic and administrativs,un particular, it also delivery
information about news, items and its own advemieset for both vacancies and
student admission and other, of course it hassalsee external links to other web and

other sites such as collaborative organizatiomesearch activity donor agencies, etc.
1.5.Nature and Content

Generally the web sites designed bear in mind uppesrt the objective of the

university. In sections try to discover the natanel content of the web site. The AAU
web site has both static and dynamic nature .taexdew web sites that are static in
nature those pages are not interactively with gsrs but the majority of the web
pages are dynamic in nature which are support tH8QL database incorporate with

JOOMLA packages helps users to interact with wigs sisers.
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When we came to Web site content it posts numerdosmation regarding to the
objective of university which presenting infornagit on several topics and issues,
each page have information regarding to the obpcif the pages .there are few
page which are under construction( content not yptate), but there are

advertisement and notice on several pages.
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1.6.AAU Web Structure

In the following hieratical graphs displays welestructures of the official web site.

Index page ]

| | | |
| 1 ! !
% About AAU % Administration || | Student service i %
| | |
i

[ WEB mail

— AAU March Temporary links to

current issue ,notice
and advertisment

ITPhD

— Budget

Search

Figure 1 the structure of the official web site of AAU.

There are some other web sites that are accesggdter with the official web sites
like AAU march, ITPhD, college of education, IE®4titute Ethiopian Study), virtual

accessed using the main web site.
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1.7.Statement of the Problem

Rise of the Internet gave many companies an adoete ‘gold’ channel. Trading,

putting gigabytes of information and communicatmgine has become one of the
sources for understanding of the web users. Asetlieends become stronger and
stronger, there is much need to study web-usenimisao better serve the users and

increase the value of institutions or enterprises.

As statics shows the number of web sites publigheaty day is increasing quickly
still, there are now 184 million registered domammes worldwide, a 9% increase

over the same period laghr”.

On the other hand, the education sector is rapdlylving and the need for web
information Places that anticipate the needs af theormation seekers are more than
ever evident. The need of placement informationaseasily imaginable we have to
explore where should be places some informatica @given web site, in this case of
the official web site of AAU. It is important to kv the navigational behavior of the
users based on the study of the behavior. the ofestddy of any behaviors scaled up
from the taxonomy of animals ,plants and others general, further explained that

animals classified in to mammals ,vertebrates bapeah the whole group behaviors.

According to Mokenen (2001) who were working on wslage mining of the official
web site of AAU using the tools of wumprep4weka, foeprocessing or cleaning the
data and Weka tool for data mining of the intergstpattern using the aprior
algorithms finds out the most frequent accessdbatot based up the sequence, based
on his study he did not truck the general behaviassers.

Like it discussed earlier uses the sequence (giezrexiasequence pattern) can tell the
general behavior of users on navigational behavidhe user of official web site of
Addis Ababa University, and not work have been dgeton the topic as to the
knowledge of the author.

Web site design is currently based on thoroughstigations about the interests of
web site visitors and on less investigated assumgtabout their exact behavior. In

Lukas, C., (n, d) Concrete knowledge on the walors navigate in a web site could

4 http://news.softpedia.com/news/Domain-Name-Registration-Slows-Down-122419.shtml
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prevent disorientation and help owners in placingpartant information exactly

where the visitors look for it.
1.8.Scope and Limitation of the Resear ch

Web mining has different branches: web content mginiveb structure and web usage
mining .the focus of this research is on mininggespattern of AAU official web site
.usually, three types of web related log files, ejmweb access log, error log and
proxy log files. however, in this research work,bwaccess log records is used as
dataset because many literature and previous mEspastify that web access log files

is the typical source of navigational behavior.

The limitation in this paper is the lack of manoal how to operate the web mining
tools (WUM) and besides to that the web accesstoged in Addis Ababa university
are erased at the end of every months that’s wisydifficult to get a enough data for
the research, besides to that the web mining toekd to have a higher capacity

(memory) to process the whole log files as batch.
1.9.Justification of the Research

During the past few years the World Wide Web hasob® the biggest and most
popular way of communication and information diss&tion. Every day, the web
grows by roughly a million electronic pages, addioghe hundreds of millions pages

already on-line.

The importance of the study web users furtherarpt by Marya, et al, according
to him ,most web sites are set up with little knedge on the navigational behavior of
the users accessing them; Feedback on the occuravigation patterns can notably

aid site owners in efficiently organizing the wéte shey present to their visitors.

One important data source for the study is the lwgldata that traces the user's web
browsing, Just for each second, gigabytes of dat@ven more, are created by the
World Wide Web, and even automatically collected atored by the World Wide
Web, the importance of www further explained in &laset al, (2000), the web log
creates an opportunity and encouragement for @l Daning researchers, consider it

as the largest data warehouse in the world.
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In accordance with Lita, et al (2004), define Daténing “is the process of
extracting previously unknown information from (afly large quantities of) data,
which can, in the right context, lead to knowledgegther words; the concept of Data
mining in refers to the entire Knowledge Discoverpatabases process (KDD).”
This knowledge is not arbitrary; it relates to algem, the problem we want to solve.
That's why performing data mining to optimize therformance of a Web server. In
ref of Lukas, C., (n, d), the use of data mininglitecover which products are being

purchased together or to identify whether theisiteeing used as expected.

In accordance with Narendra, et al., (2003), Wehing is defined &s the use of
data mining techniques to automatically discoved a&xtract information from web
document and services.

Furthermore, there is also a widely accepted defmi According to Zalane, et al
,(1998).

Web mining” is the use of data mining techniques to extrasgful patterns from

the web. Those extracted patterns are used to weptbe structure of websites,
improve the availability of the information in tixebsites and the way those pieces
of information are introduced to the website usangd to improve data retrieval
and the quality of automatic search of informatr@sources available in the web
site is being used as expected

From the above the definitions web mining attempt get the information
(knowledge) or to extract the pattern, for the jpggs to have an intended knowledge,
so some the technigues should be applied to diffexeb resources to overcome the
problems, in ref with Mobasher et al, (1996), welbing is a common term for three
knowledge discovery domains that are concerned witiling different parts of the

web: web structure mining, web content mining, amth usage mining.

In general, User behavior has two aspects, oneecomg the interests of the users
and the information they access, the other conegriine way of accessing this

information. The first aspect is addressed by tephes for the establishment of user
profiles and is not peculiar to web usage. Forimst, student profiles are considered
in intelligent tutoring systems, the second aspeatidressed by techniques analyzing

web server logs.
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For example, consider a user that explores the linka web site to find every bit of
information of potential interest and a user thagfgrs keyword search. Those two
users need fundamentally different support, evéxotifi of them are interested in solar
energy collectors, chess and medieval sculpturehib study, concentrate on the
second aspect of user support, namely on the asalf/siser navigational behavior,
because web users is characterized by her/hisegiteand by her/his navigational

behavior.

1.10. Objectives

1.10.1. General objective

The general objective of the research is to appBb wnining techniques for
discovering of navigational behavior of AAU offitiaveb site usage of to reveal
previously unknown the interesting, and actionglaéerns based on the web access
log file in order to recommend possible measuresfdgher r improvement of the
official web site of AAU.

1.10.2. Specific objectives
To achieve the general objective of the reseahgretare specific objective should be
addressed, the specific objectives of the resesmeh
» To review literature review in the area in ordeptd concrete background and
justification for the research.
* To identify and collect the data
» To prepare those data set using different prepstogsechniques.
» To analyze the navigational behavior of the users.
* To analyze the sequence of the web site i.e. baseithe user navigational
behavior
» To interpret the interesting pattern to discovew n@owledge i.e. finding of
the research
 To draw conclusion based on the findings and ptssbplication of both
techniques for web usage pattern or navigationahber of users.

* To make some appropriate recommendations basdtarohclusions.
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1.12. Data Collection for the Study
In this study the data has been collected fronoffieial web site of the AAU, which
is normally secondary data source since web logrdscevery activity of the user

regarding to visit of the web site.

1.13. Data Selection

At present, towards web usage mining technolobg, rhain data origin has three
kinds: server data, client data and middle datax{grthe author of the paper, uses
server data that are kept in the official web eit&AU in the format of extended log

format, which is most apache server supports it.

1.14. Data preprocessing

According to olfa,et al, (n.d) , most log files &tél of junks that are insufficient,
inconsistent and including noise so the data pétrent is to carry on a unification
transformation to appropriate sets ; to have tismte there are some data cleaning

phases are important to implement.

1.15. Data Cleaning

In ref olfa,et al,(n.d), the purpose of data clegris to eliminate irrelevant items, and
these kinds of techniques are of importance fortgpg of web log analysis not only
data mining accordant to the purposes of diffemanting applications, irrelevant

records in web access log will be eliminated dudata cleaning.

In addition to the above those also include sonsses like, removing robot requests
(filtering out spiders or crawlers which are knowmngmoving duplicate requests
(removing “dust”), and Filtering relevant statusoge concepts will be described in
the Chapter Three).
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1.16. Data analysis

To address the objective of this research papterent data mining approaches have
been performed and some statistical analysis omldle set to get insight about the
web usage trends and reveal interesting navigdtipatierns from the web log

records.

1.17. Toolsfor Experiment

There are commercial and free available tools &gt according to Castellano, et
al, (2007), one of thdreely available tool for web log data preparaticalled
WUMprep which consists of a set of Perl scripts éteaning the web log file of
irrelevant and automatic requests and creatingaes it and its main purpose for
educational purpose, and Analia, et al., (2003),Wik&b utilization miner), Its
primary purpose is to analyze the navigational bhaof users in a web site,
furthermore ,Navigation pattern discovery is pearfed on the portion of the web
server log that contains the sessions.

The justification for why these tools are seledtegdiven in the chapter FOUR.

1.18. Interpret and report result
After excluding least interesting patterns from #ralysis result, those patterns that
are interesting and actionable ones have beerpmted and reported to be used for

reaching a conclusion in order to forward apprdpriracommendations.

1.19. Application of results

The hidden unknown information in log formats amgportant in understanding of
users navigational behaviors even if it is not gego know what will be the results
but some knowledge will be revealed by understandirthe general behavior of web
site users of AAU .it can be used for improving tieb site and it shows some way

for further study.
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1.20. Organization of the Thesis

This thesis organized as Six chapters ,the firsiptdr deals with the general
introduction to the research of the area in thisecahe AAU, including the
background of the Addis Ababa University in gengitadlso looks on development of
ICT, and how looks like the structure of the officiveb site, what are their main
purposes and later discusses statement of the epnpbfata collection ,data
preparation with other subtopics like, scope amitéition of the study; objective of

the study; research methods; etc.

The rest of this thesis is organized as followsaér 2 presents two main areas,

Literature review and related works regarding téeDaining and web usage mining.

Chapter 3 this chapter mainly deals with web usag navigational behavior based

on extended of the above chapter in terms of cdacep

Chapter 4 this chapter provides with methodologythis presents the researcher
points why select the tools for preprocessing &edaol for navigational behaviors in

general, research process how to achieve the olgect

Chapter 5 in this chapter the experiment conduatetidiscussed which are based up

on the methodology in the previous chapter.

Chapter 6 the last chapter, based on the expetiduere in the previous chapter, the
conclusions have been reached and recommendatibmwiaat it should be done for

the future or further work in this research area.
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CHAPTER TWO: LITERATURE REVIEW

2. Introduction

There are various definitions regarding to the eSenost common terminology in

web usage mining besides what it have been destrib the beginning of

thesis(terminology and definition), according toe thield of study the same
terminology can have different meanings.

In general, According to Lavoie, B., et al (1998¢re are different meanings by
authors in the WUM literature and W3C’s web Chagdzation Authority (W3C's

WCA).the summarize definitions are as follows.

Term W3C’'s WCA WUM Literature
User Person using a browser Login or cookie or iRI®, User
Agent)
User session Delimited user requests ou@elimited user requests on ope
multiple servers server
Visit Server session -
Episode Related user requests Related user requests

Table 1 : Terminology comparison table

2.1.Web L og Information

Since the thesis is about user navigational onaeelss using web usage mining that
is based on web server logs, it is important toeustaind what information web server

logs contain and types of log format.

A Web log is a file to which the Web server write$ormation each time a user
requests a resource from that particular site. Muag use the format of the common
log format Cooley et al., (1997a) furthermore, thase confirmed by (Lavoie, et al
(1999)the most popular log file formats (developgdhe CERN and the NCSA) are
the CommonLog Format (CLF) and an extended version of the=CCombined Log
Format, known as ECLF. In Accordanaith Berkan, y., (2002), the difference between

them is that the former does not store Referrerfsgwht information of the requests.
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According to Srikant, et al, only few fields areadable for navigational patterns
discovery, which If are added to the CLF make upgb called Extended combined
log format (supported by Apache Web Server).

2.2.Types of Log Format

Besides the above, the types of log formats carabegorizedinto four; those are Common,
extended, cookie and MS-IIS.

I.  Common: The Common log contains the requested resand a few other
pieces of information, but does not contain referuser agent, or cookie
information. The information is contained in a $&dle. The example is as

follows:

pi casso. wi Wi . hu-berlin.de - - [10/Dec/1999: 23: 06: 31 +0200]
"GET /index.htm HTTP/1.0" 200 3540

II.  Extended: An extended combined log format is aeresibn of the Common
log format. The Combined format contains the samf@rination as the
Common log format plushree (optional) additional fields: the referradld,
the user agent field, and the cookie field. Example as follows:

pi casso. wiwi . hu-berlin.de - - [210/Dec/1999:23:06:31 +0200] "GET
/i ndex. ht m HTTP/ 1. 0" 200 3540 "http://ww. berlin.de/"
"Mozillal/3.01 (Wn95; 1)"

[ll.  Cookie: Cookies take the form KEY = VALUE. Multipleookie key-value
pairs are delineated by semicoldns

pi casso. wiwi . hu-berlin.de - - [10/Dec/1999:23:06:31 +0200] "GET
/i ndex. ht m HTTP/ 1. 0" 200 3540 "http://ww.berlin.de/"
"Mozilla/3.01 (Wn95; 1)" "Visitorl D=10001; Sessionl D=20001"

> http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format
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IV.  MS-IIS: Kind of log format stores at server side of the Mdgoft web server

which normally known as MS-I1IS.

pi casso. wi Wi . hu-berlin.de, -, 10.12.99, 23:06:31, WSVC2, WW
100. 100. 100. 100, 547, 444, 0, 200, O, CET, /index.htm,6 -,

2.3.Contents of Log For mat

most apache formats are NCS%®mbined log format , Here are aingle format
example entry of the log file , is shown in An gn stored as one long line of ASCII

text, separated by tabs and spaces, based ona(Berk2002 ) (Cooley et al., 1997a).

66.249. 67.111--[ 12/ Dec/ 2010: 04: 26: 46+0300] " GET

/i ndex. php/ conponent / event s/ vi ew_week/ 1995/ 04/ 03 HTTP/ 1. 1" 200
28776 "-""Mbdzillal5.0(conpati bl e; Googl ebot /2. 1;

+ht t p: / / ww. googl e. coml bot . htm )"

The details of the fields in the entry are givernha following section.
Address

66.249.67.111

This is the address of the computer making the HiiékRiest. The server records the
IP and then, if configured, will look up the Domaikame Server (DNS) for its
FQDN.

RFC931 (Or Identification) :

Rarely used, the field was designed to identifyrdguestor. If this information is not

recorded, a hyphen (-) holds the column in the log.

Authuser:

® http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format

User Navigational Behavior Page 28



List the authenticated user, if required for acc@sss authentication is sent via clear

text, so it is not really intended for security.igfield is usually filled by a hyphen.

Time Stamp :

[12/ Dec/ 2010: 04: 26: 46 +0300] [01/Nov/2001:21:56:52 +0200]

The date, time, and offset from Greenwich Mean T{@MT x 100) are recorded for
each hit. The date and time format is: DD/Mon/YY¥:MM: SS.

The example above shows that the transaction wesrded at04:26:46 on
12/ Dec/ 2010 at a location 3 hours forward GMT. By comparing dirstamps
between entries, it can also determine how lonigitovy spent on a given page that is
also used as a heuristic in determining sessions.

Target:

“GET /i ndex. php/ conponent / event s/ vi ew_week/ 1995/ 04/ 03
HTTP/ 1. 1"

One of three types of HTTP requests is recordethénlog. GET is the standard
request for a document or program. POST tells thees that data is following.
HEAD is used by link checking programs, not browseand downloads just the
information in the HEAD tag information. The spéciievel of HTTP protocol is also
recorded.

Status Code::

200
There are four classes of codes regarding to
1. Success (200 series)
2. Redirect (300 series)
3. Failure (400 series)
4. Server Error (500 series)
Transfer Volume:
1749
For GET HTTP transactions, the last field is thenber of bytes transferred. For

other commands this field will be a hyphen (-) @eso (0).
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The transfer volume statistic marks the end ofdabmmon log file. The remaining
fields make up the referrer and agent logs, addeéde common log format to create
the “extended” log file format. Let’s look at thefselds.

Referrer URL:

http://www.cs.bilkent.edu.tr/guvenir

The referrer URL indicates the page where thearisitas located when making the
next request.

User Agent:

Mozilla/4.0 (compatible; MSIE 5.5; Windows 95)
The user agent stores information about the broqwsesion, and operating system of
the reader. The general format is: Browser namessime (operating system)

2.4.0verview and Motivation of Data Mining

Data mining according Sulu, (2003), has emergednasof the most is exciting and
dynamic fields in computer science and softwardrergging. The term “data mining
“and “knowledge discovery in data base “or KDD aften used synonymously.
Knowledge discovery in data base is the processdenftifying valid, novel,

potentially useful, and ultimately understandaldégerns models in data.

Data mining is a step in, knowledge discovery pssceonsisting of particular data
mining algorithms that, under some acceptable caatipmal efficiency limitations,

finds patterns or model in data. Simply statedadatning refers to the process of
extracting previously unknown, valid and potengialiseful knowledge from data.
Similar to the above definition, according to 1&20Q5), refers as Data mining is

defined as the process of discovering patterngia.d

Another definition is that data mining is a vayiaif techniques used to identify
valuable of information or decision-making knowleddgn bodies of data, and
extracting these in such a way that they can begusse in areas such as decision
support, prediction, forecasting; and estimatiome Tata is often voluminous but, as
it stands, of low value as no direct can be madi df is the hidden information in
the data that is useful. For this reason data mirsroften referred to as “secondary”

data analysis.
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2.5.Limitations of Data Mining

While data mining products can be very powerfullgpthey are not self sufficient
applications. To be successful, data mining regusidlled technical and analytical
specialists who can structure the analysis andpree the output that is created.
Consequently, the limitations of data mining arenarily data or personnel related,

rather than technology-related.

Although data mining can help reveal patterns adtionships, it does not tell the
user the value or significance of these patterhes@ types of determinations must be
made by the user. Similarly, the validity of thetpens discovered is dependent on
how they compare to “real world” circumstances. Example, to assess the validity
of a data mining application designed to identibggmtial terrorist suspects in a large
pool of individuals, the user may test the modehgislata that includes information
about known terrorists. However, while possiblyaférming a particular profile, it
does not necessarily mean that the applicationigélhtify a suspect whose behavior

significantly deviates from the original model.

Another limitation, according to Brendit, (2011) d&ta mining is that while it can
identify connections between behaviors and/or Wdem it does not necessarily
identify a causal relationship. For example, anliagppon may identify that a pattern
of behavior, such as the propensity to purchadmaitickets just shortly before the
flight is scheduled to depart, is related to chimastics such as income, level of
education, and Internet use. However, that does@wdssarily indicate that the ticket

purchasing behavior is caused by one or more skthariables.

In fact, the Individual’'s behavior could be affedtby some additional variable(s)
such as occupation (the need to make trips on staiite), family status (a sick
relative needing care), or a hobby (taking advamtafglast minute discounts to visit

new destinations).
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2.6.Data Mining Approaches

It have mentioned earlier that the web usage mirgnge application of data mining
.those Data mining have two approaches accordirfgrendit,2011), the approaches

is between undirected and directed data mininghBudescribe it like this:

"There are two styles of data mining. Directed dati@ing is a top-down approach,
used when we know what we are looking for. Thsnaitkes the form of predictive
modeling, where we know exactly what we want tdipteUndirected data mining
is a bottom-up approach that lets the data speakt$elf. Undirected data mining
finds patterns in the data and leaves it up to uer to determine whether or not

these patterns are importaht

But, there are no generally applicable rules on data mining should be performed,
» decision trees as a technique for prediction,
* neural networks as a technique for prediction,
* Navigation patterns in WUM as a query-directed teghe for pattern

detection.

2.7.Sour ces of Data for Web Usage Mining

Data that can be used for Web usage mining carolbected at one of these three
parts and thus we talk in ref with Berkan, y. (20@# those is:
* Server level collection:
The server stores data regardin@qUESES performed by the client, thus data
regard generally just one source;
* Client level collection:
It is the client itself which sends to a repositorformation regarding the user's
behavior (this can be done either with an ad-h@evbing application or through
client-side applications running on standard brog)se
* Proxy level collection:
Information is stored at the proxy side, thus Weakbadegards several Websites,

but only users whose Web clients pass through ritweyp
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2.8. Taxonomy of Web Mining

In ref Bamshad et al ,(n.gyveb mining are classified in three main areas giga
web content miningweb structure mining and web usage mining ,thaildef those

will be discussed in the followinsection 2.8.1.

N
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Figure 3: Taxonomy of Web mining,

2.8.1. Web Usage Mining: WUM

Web usage mining can also be defined as the apiphcaf data mining techniques
discover user web navigation patterns from web sxZalane et al,(1998), in
addition to that, generalized definition accordatzdBerkan,(2002) The aim of ¢
general web usage mining system is to discoverrgebehavior and patterns frc
the log files by adapting w-known data mining techniques or new approa
proposed

the sources of the data for web usage mining acenskry data as pviously
discussed such as web server access logs, broager,user profiles ,registrati
data, user sessions or transactions and othekeunfliweb structure and web cont
which uses primary dat&urthermore, has advantage, accordingGauHui et al ,
(2008 ),to enhance the usability of the web information apgly the technology 1
the web application, For instance, -fetching and caching, personalization, tal

advertisement, improving web design, improvingsfattion of customer, gLing the
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strategy decision of the enterprise, and markedinglysis etc, in addition there are
also more goals Lita,et al (2004), includes ,
» The improvement of site design and structure,
» The generation of dynamic recommendations,
* And improving marketing
Finally, according to Jaideep, et al., (n.d) generalizedets usage mining focuses on

techniques to search for patterns in the user behaten navigating the web.

2.8.2. Web Structure Mining: WSM

The category of structure mining, according toal&r(2000),structure is defined by
"hyperlinks between pages and HTML formatting comds within a page” but
further explained by Lita, et al (2004), Accordit@ him, structure mining which
focuses on link information. It aims to analyze thay in which different web
documents are linked together, mining the link ctiee aims at developing
techniques to take advantage of the collective losiun of web pages’ quality which
is available in the form of hyperlinks Henri et, §2000), where links on the web can

be viewed as a mechanism of implicit support.
2.8.3. Web Content Mining: WCM

Web content mining is a research field focusedhendevelopment of techniques to
assist a user in finding web documents that memriain criterion. The contents of
most of the web pages are texts. According to tksif2000), graphics tables, data
blocks and data records are also kind of contewtl page can have so that web
content mining issues for the of improving the teorts of the web pages, improving
the way they are introduced to the website usepraming the quality of search

results, and extracting interesting web page casten
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2.9.Techniques of Web Usage Mining

It is very difficult to classify a specific technig for web usage mining; techniques
are combined together in discovering web usagengjriut In general the techniques

applied to web usage can classified according tadbad et al ,(n.d)), are:
Statistical Analysis

Statistical techniques are the most common methodextract knowledge about
visitors to a web site. By different kinds of ggéical analysis (frequency ,median
,mean ,etc ) of the session file ,one can extratisical information such as the most
frequently accessed pages ,average view time dige jpr average length of path
through a site .According to Federico et al (200@®,kind of analysis is performed
by many tools, available also for free, and its &rno give a description of the traffic
on a Web site, like Most visited pages, averaghy dis, etc.

In reference with Bamshad. et al ,(n.d), generdlizs this kind of analysis is
performed by many tools, available also for frew] @s aim is to give a description of

the traffic on a Web site, like most visited pageg&rage daily hits, etc.;
Association Rules

Association rules capture the relationships amteggs based on their patterns of co-
occurrence across transactions .Given a set gfdcdions, where each transaction is a
set of items, an association rule is an expressidghe form X=>Y, where X and Y
are sets of items such that no item appears mare adhce in X u Y. the intuitive
meaning of such a rule is that transactions indédtabase which contain the items in
X tend to also contain the item in Y. According Maja (2011), two common
numeric quantifies how often the items in X and ¥cur together in the same
transaction as fraction of the total number of $eations.

In the ref Kobra (n.d)), describes the associatioles in context of web usage
mining, refers to sets of pages that are accesggdhter with support value exceeding
some specified threshold.

Furthermore explained, in Federico et al (200®)learly indicates that these pages

(sets of pages) may not be directly connected ® amother via hyperlinks. For
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example, using association rule discovery techrigue can find correlations such as
following.
» 40% of users visit the web page with URL/home/paged the web
page with URL/home/page2 in same user session.
» 30% of users, who accessed the web page with URiéhmroducts,
also accessed /home/products/computers.
According to Bamshad et al ,(n.d)), generalizethasmain idea is to consider every
URL requested by a user in a visit as basket diaian) and to discover relationships

with a minimum support level between them.

Sequential Patterns

This discovers frequent subsequences as patterss Sequence data base, in an
important data mining problem with broad applicasipincluding the analysis of
customer purchase behavior, web access patterigsitiSsc experiments, disease
treatments and so on. According to (Kobra,E.,jn8¢quential pattern mining finds
all of the frequent subsequences, i.e., and thesesulences whose occurrence
frequency in the set of sequences is no less thansopport.
In web server logs, a visit of a user is recordeetr @ period of time .a time stamp can
be attached either to the user session or to tHwidlual page requests of user
sessions .By analyzing this information with sediadpattern discovery methods, the
web mining system can determine temporal relatipsshmong data items such as
the following:
> 30% of users who visited /home/products/dvd/moviead visited
/home/products/games with in the past week.
> 40% of users request the page with URL /home/prséimonitors
after visiting the page /home/products/computers.
In ref with Bamshad et al, (n.d)), generalized #teempt of this technique is to
discover time ordered sequences of URLs followegést users, in order to predict

future ones.
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Clustering

According to Kobra (n.d)), clustering is a techuggo group together a set of items
having similar characteristics .in the web usagenaa, there are three kinds of
interesting clusters to be discovered: session clusters;"@iser clusters; '$page
clusters.

Session clustering implementation allows clustehgiser sessions in which users
have similar access patterns. Clustering of usardst to establish groups of users
exhibiting similar browsing patterns. In ref (Cdsteo, G., et al , 2007 ), Page
clustering can be partitioned into two methods. fitst is to cluster pages according
to their contents .For this method an analysidiefdontent of web site is needed .the
second method computes clusters of page referdrasesi on how often they occur

together.

In ref with Robert, C., et al, (1997), generaliz=dmeaningful clusters of URLs can
be created by discovering similar characteristiesveen them according to user’'s

behaviors.

Classification
Classification is the task of mapping a data iteto bne of several predefined classes
Robert et al, (1997), In the Web domain, and orieteyested in developing a profile
of users belonging to a particular class or categdhis requires extraction and
selection of features that best describe the ptieigeof a given class or category.
Classification can be done by using Maja, (2011)pesvised inductive learning
algorithms such as decision tree classifiers, ndayesian classifiers, k-nearest
neighbor classifiers, Support Vector Machines Ets.example, classification on
server logs may lead to the discovery of intergstirles such as:

» 30% of users who placed an online order in /Prdducdic are in the 18-

25 age groups and live on the West Coast
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2.10. Related works

Data mining techniques are not easily applicabl®/eb data due to problems both
related with the technology underlying the Web dhd lack of standards in the
design and implementation of Web pages. Web usagmgnis a research field that
focuses on the development of techniques and toosdudy users’ web navigation

behavior.

2.10.1. Related Workson the Tools

The “WEBMINER” tool of (Bamshad.m. et al, (n.d)jopides a query language on
top of external mining software for associationesuland for sequential patterns.
However, the expressiveness of the language isiatest by the input parameters
acceptable by the miner to the best of our knowdedgrrent miners do not support
generic specifications on the structure of theepatt to be discovered, e.g. page

revisits, cycles etc.

The other related works on tools on SpeedTracerpiling to Ballman, et al (1997),
SpeedTracer is a web usage mining and analysiswbih tracks user browsing
patterns, generating reports to help Webmasteretimer web site structure and
navigation. SpeedTracer makes use of Referrer agdntAinformation in the

preprocessing routines to identify users and sesessions in the absence of
additional client side information. The applicatiamses innovative inference

algorithms to reconstruct user traversal pathsidewatify user sessions

Advanced mining algorithms uncover users' moventlerugh a web site. The end
result is collections of valuable browsing patterthst help Webmaster better
understand user behavior. Further explained irptper that generates three types of
statistics: user-based, path-based and group-badedr-based statistics point
reference counts by user and durations of accesth-lRased statistics identify
frequent traversal paths in web presentations. (Bbmsed statistics provide

information on groups of web site pages most fratyeisited.
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2.10.2. Navigation Pattern Discovery Tools

There are some web usage miner tools which carsée to the navigational pattern
discovery for web user behavior of the web sitepading to Bettina, et al (1999), the
two most important tools for navigation pattern,dv8DAS, and WUM tools. The
main difference between them are MiDAS designeti tie demands of e-commerce
application in mind and its commercial products welas, Carsten et al(2000) the
WUM are free source web utilization miners, buthbof them are equipped with a
mining language.

According to Sulu (2003), the query processor @®iporated to the miner in order to
specify characteristics of discovered paths tha mmteresting to the analyst.
Incorporating the mining language early in the mgnprocess allows the construction
only of patterns that have the desired characierishile irrelevant pattern are
removed. However, no performance studies were tepp@nd the use of query langue
to find patterns with predefined characteristicsymarevent the user finding
unexpected patterns.

The number of tools and their application a lotwairks are done because of it is
broad research activity and also the extensiveotifee WWW, most widely tools are
summarized as by Jaideep, et al (n.d)) ,followshwtheir Applications namely

General , Business ,site modification Charactdonadnd personalization.
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Project APPLICATION DATA Source DATA Pe User Site
FOCUS Serves Proxy CliefiStructure | ContentUsag | prof | single | multi single | multi
e ile
WebSIFT General X X X X X X
SpeedTracer General X X X X
N R N N Y S O I L
Shahabi General X X X
Site Helper Personalization X X X X X
Letizia Personalization X X X X
Web Watcher | Personalization X X X X X X
Krishnapuram | Personalization X X X X
Analog Personalization X X X X
Mobasher Personalization X X X X X
Tuzhilin Business X X X X
SurfAid Business X X X X X
Buchner Business X X X X X
WebTrends,Hitlis | Business X X X X
,Accurue,etc
WebLogminer | Business X X X X
PageGather,Sfl: Site Modification X X X X X X
" The WUM(web utilization miner ) are going to implement for web usage navigational pattern in the paper
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ML

Manley Characterization X X X X X
Arlitt Characterization X X X X X
Pitkow Characterization X X X X X X
Almedia Characterization X X X X
Rexford System Improve X X X X

Schecher System Improve X X X

Aggarwal System Improve X X X

User Navigational Behavior

Table 2 :Web usage mining research projects ardupts.
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2.10.3. Related worksin Advances Web Usage Mining

Web usage mining encompasses studies in which letlgel is obtained through the
analysis of web usage. This covers correlationsrgmaroducts or web pages, market
segmentation on the basis of user demographicart@cests, as well as analysis of a
site’s success.

In Abhishek et al (2011), correlated but not linkee&b pages are discovered by
clustering pages requested together by the siisitors. This approach can be used to
construct dynamic web pages automatically that igdeJinks to pages considered
relevant by earlier visitors Pierre, B., et al, &R

In the SurfAID project, a warehouse over web usdga is established and time series
analysis is combined with association rules to alisc unexpectedly evolving
correlations among products (Abhishek, et al, 20afpose the establishment of a
warehouse, in which web usage data are combinet wiistomer data, concept
hierarchies on page contents and user demograpisiegll as enterprise knowledge, e.g.
in the form of previously discoveredles Myra,S., & Lukas C. (n.d). . Althougrser
activities form the basis of these types of analysie issue of improving the site itself is

not addressed.

The discovery of web usage patterns with conveatiamning techniques is proposed in
Tianyi, (1995), discover frequently accessed pathapplying a methodology similar to
the discovery of association rules organize URIluests into user sessions Bamshad et al
,(n.d)) and then apply association rule discoveng a&equence mining to extract
correlations among pages Berendt, et al,(2@@0pose a similar approach for mining
frequent traversal paths and groups of most fretfpensited pages Masseglia,et
al,(n.d),Contribute an approach for mining dynamndigtabases more efficiently for
sequences. However, In Carsten et al., (2000%sitdean shown that conventional mining
algorithms are not appropriate for the discoverweb usage patterns, because
v' Modeling navigation patterns as associations owueeces oversimplifies the
problem and
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v Statistical measures like frequency of accesstaoesimple for navigation
pattern discovery.

The different conception of navigation patternswestn WUM and other sequence
miners is due to the fact that they concentratpaiterns that reflect correlations among
events (here: page accesses).

WUM focuses rather on depicting and exploiting tlaeigation behavior of user groups,
in order to improve the web site accordingly. Qustfresults have shown that the model
of navigation patterns is appropriate in this cehtéarsten et al (2000), but also that it
must be accompanied by a model that measures gdves success and by a procedure
for the mining process. In this study, we preséet ¢complete framework of modeling

success and navigation behavior and combiningibed improve the success of a site.

Also apply OLAP technology to analyze web usage afyfn.d), for e-commerce
applications. The data of interest in this contextude not only web logs, but also a
concept hierarchy, background knowledge of the gxpe well as previously discovered
results. The study reveals the importance of edagtally capturing and exploiting data
from multiple sources in order to perform web usageing. However, the work presents

no results on how those different information asse¢ combined during analysis.

The miner proposed in Navin, et al (20H)covers statistically dominant paths using a
methodology for the discovery of association ruldewever, the assumptions made on
building those paths are rather over-restrictiva. iRstance, visitors of a web page do not
usually visitall children of this page, with the exception of certapplication domains

like electronically available course material.

The association rules target goal that on discogeall frequent patterns among the
transactions, the problem originally initiated B\g(awal et al) and is based on detecting
frequent item sets in the market basket. But in ¢batext of web usage mining,
association rules refer to set of page that aressea together. Usually these rules should

have a minimum support and confidence to be valid.

Further explained in Enrique et al (2000), The Apralgorithm is widely accepted to
solve this problem. Association rules can be usedetstructure a web site, to find
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shortcuts, an application especially useful foraleiss devices or to prefetch web pages to
reduce the final latency the data used to obta&iquent patterns in a web mining problem
has a very important characteristic: it is seq@niihe user accesses a set of pages in a
given order and it is very important to capturestbrder in the final model obtained.
Unfortunately, the two previous methods lack anydkof representation of this order.
Clustering identifies groups of pages that are ssm@ together without storing any

information about the sequence.

Association rules indicate the miner proposed ne of the earliest works in this are
discovers statistically dominant paths using a wddthogy for discovers statistically
dominant paths using a methodology for the disgowéra web site association rules.
The “Foot prints “ tool of records the footpririft behind by web site visitors and
accumulates them into frequently accessed paths. “PageGather” tool of uses a
clustering methodology to discover web pages dsitgether and to place them in the

same group.
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CHAPTER THREE: WEB USAGE MINING AND
NAVEGATIONAL PATTERN

3. Introduction

Web usage mining is application of data mining teghes to discover user access
patterns from web data. Web usage data capturesmweising behavior of users from a

web site. Web usage mining can be classified acogto kinds of usage data examined.
In our context, the usage data is Access logs oresaide, which keeps information

about user navigation. Further explained in Suly(2B03), Web usage mining is the
process of identifying representative trends armavbing patterns describing the activity
in the web site, by analyzing the users’ behawdeb site administrators can then use
this information to redesign or customize the wéb according to the interests and

behavior of its visitors, or improve the performaraf their systems.

3.1. The General Process of Web Usage Mining

Today, understanding the interests of users isrhgrpa fundamental need for Web sites
owners in order to better serve their visitors bgkmg adaptive the content and usage,
structure of the site to their preferences. Thdyaisof Web log files permits to identify
useful patterns of the browsing behavior of usergkvcan be exploited in the process of
navigational behavior.

As it have mentioned earlier , Web Usage MinindJM) is the process of knowledge
discovery and analysis of Knowledge from World Widleb, represents a rather recent
research field devoted to discover behavioral pagtdom Web usage data.

As in Zalane et al (1998), the general processe&/dM distinguish three main steps:
data preprocessing, pattern discovery and pattealysis.
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Figure 4: High Level Web Usage Mining Process Jaideep, et al (n.d), page 4

3.2.Data collection

Data for web usage mining can be collected at sé\@rels. According to Kerkhofs et al

(2001), may be faced with data from a Single uses multitude of them on one hand

and a single site or a multitude of sites .The sdamay of data collection is on the Web

server level. These servers explicitly log all usehavior in a more or less standardized

fashion. It generates a chronological stream obti@sts that come from multiple users

visiting a specific site, but according to Briamd,al ,(2005) can be the collection of the

data for web usage mining most commonly from:

* The web usage data includes data from web sereesadog, proxy server

* Logs, browser logs, user profiles, registratioragdabokies, and user queries.

Besides to the major sources of the data which haametioned above but, there are also

some other resources for web usage mining. AccgrtbhnCastellano, et al (2007) the

following can be the source of the data.

 E-commerce and product-oriented user events (dgppsng cart changes, ad or
product click-through, etc.)

« Meta-data, page attributes page content, sitetateic
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A different researchers uses different collectiomsr a time for web usage analysis in
accordance with Berkan, vy.,(2002), were collectedd period of two weeks for Logs

Preprocessing and Sequential Pattern Extractidm vatv Support.

3.3.Data pre-processing

In ref with Dipa, (2010), Data pre-processing is immportant step in the knowledge
discovery process, because quality decisions asedban quality data, more ever, this
idea of importance of preprocessing steps disaussiaji, et al, (2007), emphasis on
fundamental role in achieving meaningful and rdéabesults from WUM process,

without effective preprocessing the results obi@iwél have negative impact on the next

steps of the process (pattern discovery and padteatysis.

It is important to understand that the quality diata key issue when we are going to
mining from it. In ref with Suneetha et al (2009garly 80% of mining efforts often
spend to improve the quality of data, furthermane, attributes that we can look for in
quality data includes accuracy, completeness, stargy, timeliness, believability,

interpretability and accessibility.

3.4.Tools of Preprocessing

Most existing tools provide mechanism for reportuger activity in the servers and
various forms of data filtering. By using thesel$paletermination of the number of
accesses to the server and to individual files,trpopular pages, the domain name and
URL of the users who visited the site can be sqlMaat not adequate for many
applications ,Furthermore, In ref Cooley et al991a) the administrator of a system has
an access to the server log. However, the patfesiteousage cannot be analyzed without
the use of a tool. Therefore, Data Mining methamihd ease the System Administrator
to mine the usage patterns of a particular sitees&€htools have no ability in-depth

analysis and also their Performance is not enoaghudge volume of data.

Researchers have shown that the log files contdticad and valuable information that
must be taken out. It makes web usage mining a lpappesearch area for many

applications in the recent years.
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There are commercial and free available toolsearsts ,according to Castellano, et al
(2007 ),one of the freely available tool for welg Idata preparation called WUMPrep
which consists of a set of Perl scripts for clegnihe web log file of irrelevant and

automatic requests and creating sessions in it i@snanain purpose for educational
purpose. According to Dipa, (2010), the other op®urce preprocessing tools are
WUMprep4Weka; those tools are designed to work WitBKA, unlike of WUMprep

which designed to use with WUM (web utilization mi

According to Castellano et al, (2007), there amnmmercial preprocessing tools but the
most common tools on tare LODAP (Log Data Prepremgsand EasyMiner, the later

developed by MINEit software Itd, both of them dgmd to understand the most
common log file formats .they designed to take trpg files related to a Web site and
outputs a database containing some statistics apageés visited by users and the
identified user sessions. The preprocessing ofilegis aimed to the preparation of Web
data in order to mine significant usage pattern&ep feature of LODAP is the wizard-

based interface that guides the user during therpeessing of the log data.

3.5. Data Cleaning

First of all, irrelevant data should be removeddduce the search space and to bias the
result Space. Since the intention is to identifgrusessions, build up out of page views,
not all hits in a Log file are necessary. Since ViEpfiles record all user interactions,
they represent a huge and noisy source of datan afomprising a high number of
unnecessary records.

According to Castellano et al, (2007), the daéaing is intended to clean Web log data
by deleting irrelevant and useless records in otdeetain only usage data that can be
effectively exploited to recognize users’ navigatibbehavior.
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3.6. Removing Unnecessary Records

According to Enrique et al ,(2000), there are tvwadk of records are unnecessary and
should be removed: firstly the records of graphitdeos and the format information The
records have filename suffixes of GIF,JPEG, CS8,sanon, which can found in the URI
field of the every record; In ref Mohd, et al , (®0),For example, by filtering out image
requests, the size of Web server log files reducdelss than 50% of their original size
Secondly, the records with the failed HTTP statdeg by examining the Status field of
every record in the web access log, the records stdtus codes over 299 or under 200
are removed. It should be pointed out that diffefemm most other researches, records
having value of POST or HEAD in the Method fielde aeserved in present study for

acquiring more accurate referrer information.

3.7. Types of Robots

In a number of literatures there many types of telimut according to brendit, (2011),
two types of robots can be distinguished (categd)ias:ethical robots and 'unethical
robots'.

Ethical robots take by the "netiquette(interneesiifor robots" or : Before they access
any page of a site, they access the file robotmtrtder to see what they are allowed to
visit and index, and what not. Furthermore expldine that, ethical robots have two
effects: First, they show their "robot identity'hdasecond, they only access pages they
are allowed to see. Unethical robots don't do iy may not even access robots.txt.

There are ways to detect whether it's a robot arbased on requests to the web server,
according to Jose et al., (2007); two subsequenterss for the same URL are collapsed
into one if the time between the requests did naeed a threshold, e.g., 5 s. This
threshold can be longer than that for robots bexa@uperson needs more time than a
program to make a renewed request. But AccordingifRa al, (2009) the most widely
accepted threshold for of 2 seconds between twsemutive requests the entries that
corresponds to robots can be eliminated.
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Exclusion of robots

The most important step of data cleaning was thewal of robot accesses from the log
data. According Castellano et al, (2007), the t&ohot’ to refer to any programmable
software agent that does not access a site integhct Furthermore, explained in the
paper, these requests can mislead the analyst)detaese sequences do not reflect the

way human visitors navigate the site.

In ref Berkan, (2002), Requests originated by Webots. Log files may contain a
number of records corresponding to requests otiggthy Web robots. Web robots (also
known as Web crawlers or Web spiders) are progrdras automatically download

complete Web sites by following every hyperlinkerery page within the site in order to
update the index of search engine. Requests crégtdtieb robots are not considered
usage data and, consequently, have to be remoweidemtify web robots’ requests, the

data cleaning module implements two different rstios.

Firstly, all records containing the name “robots.ir the requestedADIS International
Conference Applied Computing 2007 resource namelLjl#re identified and straightly

removed.

The second heuristic is based on the fact thatithelers retrieve pages in an automatic
and exhaustive manner, so they are characterizec lwery high browsing speed
(intended as total number of pages visited/totaétspent to visit those pages).

Hence, for each different IP address we calcula¢ebrowsing speed and all requests
with this value exceeding a threshold (pages/secaralregarded as made by robots and
are consequently removed. The value of the thrdslokstablished by analyzing the

browser behavior arising from the considered ltgsfi
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3.8. User and Session | dentification

Once the web log file is processed and all théewiant entries have been removed, it is
necessary to identify the users that visit to tite. sSThe task of user and session
identification is found out the different user sess from the original web access log. In
ref (Rajni, P., et al 2009), User’s identificatiam to identify who access web site and
which pages are accessed.

But this task is not easy because few web sitat ukes authentication to access the
resource so the web records, only records theovisithost and user agent. Further
explained by Castellano et al,(2007), the problemidentify the user identification

getting worst because different visitors sharirgy game host cannot be distinguished. In
addition to that, if proxy servers are used, tr@bf@m becomes even more sensitive. The
only way to identify a user in ref Rajni, (2009) tse Cookies or authentication

mechanisms make the identification of a visitor Siiole, but are undesirable due to

privacy concerns.

The goal of session identification is to divide fage accesses of each user at a time into
individual sessions. A session is a series of waep user browse in a single access, or
according to Castellano et al, (2007), A sessiomasle up of all the visited pages by a
user, the technique is based on establishing attineshold, so if two access take more
than the fixed time thresholds, it is considere@ a&w session, most accepted threshold
of 30 minutes or 1800sec but according to Jose al ef2007), threshold of most
commercial products establish a threshold of 25rtutas.

3.9. Applications of Web Usage Mining

The general goal of Web Usage Mining is to gathégresting information about users
navigation patterns (i.e., to characterize web g)sérhis information can be exploited
later to improve the web site from the users’ viewmp The results produced by the
mining of web logs can use for various purpases

» To personalize the delivery of web content;

* To improve user navigation through prefetching eaching

* To improve web design; or in e-commerce sites.
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» To improve the customer satisfaction

Per sonalization of web content

Web Usage Mining techniques can be used to prguédsonalized web user experience.
For instance, it is possible to anticipate, in ta@ak, the user behavior by comparing the
current navigation pattern with typical patternsahhwere extracted from past web log.
In this area, recommendation systems are the nosstnon application; their aim is to

recommend interesting links to products which cdugdinteresting to users (Federico et

al, 2000), Personalized Site Maps are an exampiecoinmendation system for links.

Prefetching and Caching

The results produced by Web Usage Mining can beloggd to improve the
performance of web servers and web-based applnsatlaikas, (n, d), further explained
that Typically, Web Usage Mining can be used twettgp proper prefetching and
caching strategies so as to reduce the servernsspione.

Support to the Design

Usability is one of the major issues in the desigd implementation of web sites. The
results produced by Web Usage Mining techniquespcavide guidelines for improving
the design of web applicationdJses output to evaluate the organization and the
efficiency of web sites from the users’ viewpoiAcording to Federico et al (2000),
Exploits,Web Usage mining techniques to suggesperanodifications to web site.
Adaptive Web sites represents a further step.ifndhse, the content and the structure of
the web site can be dynamically reorganized acogrth the data mined from the users’
behavior.

E-commerce

Mining business intelligence from web usage datadrsmatically important for e-

commerce web-based companies. in ref with (Suly2@3). Customer Relationship
Management (CRM) can have an effective advantage the use of Web Usage Mining
techniques. In this case, the focus is on busispegific issues such as: customer

attraction, customer retention, cross sales, astbmer departure.
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3.10. Navigational Pattern and Sequence

According to Lukas (n, d)sequencas an ordered list of items, in our case Web pages,
ordered by time of access. In the pioneering wdrlseguence mining is defined as
follows: “Given is a collection of transactions erdd in time, where each transaction
contains a set of items”.

The goal is to discover sequences of maximal lettggh appear more frequently than a
given percentage threshold over the whole collaecticA frequent sequence is
“maximal,” if no sequence containing it is als@duent. If we instruct the miner to find

only maximal frequent sequences, we obtain fewdmaare compact results.

In the ref Berendt et al, 2000, the definition bétsequence mining problem has an
implication: The items constituting a frequent seaee did not necessarily occur
adjacently. They just appear in many data recondshe same order. This is often
desirable: When we investigate the causes of matufag errors, we only want the

sequences containing error and cause, not the mamts in between. The same is true

when we search for operating system signals.

Comparison of GSP and AprioriAll
According to Murat et al (n.b)),On the synthetidad®ts, GSP was between 30% to 5

times faster than AprioriAll, with the performangap often increasing at low levels of
minimum support. The results were similar on thee¢hcustomer datasets, with GSP
running 2 to 20 times faster than AprioriAll. Theaee two main reasons why GSP does
better than AprioriAll.
* GSP counts fewer candidates than AprioriAll.
» AprioriAll has to first find which frequent item teare present in each element of
a data-sequence during the data transformation,ttzerd find which candidate
sequences are present in it. This is typically seha¢ slower than directly
finding the candidate sequences.
GSP, a new algorithm that discovers these genethkequential patterns and has the
following advantages for example.
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« Empirical evaluation using synthetic and real-titga indicates that GSP is much
faster than the Apriori.

o All algorithms presented in GSP scales linearlyhwihe number of data
sequences, and have very good scale up properiiesegpect to the average

data-sequence size.

Output: A set of navigation patterns.
1. Generate the set of All gSequences by travetbmdg\ggregated Log:

a) For each order-preserving sequence of nodes <nl:; ; nk>inabranch product

i. The web page referred to in ni satisfies thpeti predicates for variable vi.
ii. The position of ni in the sequence is allovisdthe template.
ili. The occurrence number in ni is permitted var
then add d to All gSequences.
2. Construct the navigation pattern for each g-eage d in All gSequences:
a) Compare d with the g-(sub)sequences alreadlyeirset Tested gSequences 3
test if it can be rejected without building thesigation pattern.
b) If d is not rejected, construct the navigatiattern for it:
i. Find all branches of the Aggregated Log thatfoom to d.
ii. Merge at each element of d.
iii. Compute the supports of the nodes producethbyging.
iv. Test the C predicates against the navigatettem.
v. If d is rejected
then store the smallest prefix that caused thectieje in the set Tested gSequenc
marking it as R(ejected).
else store d in Tested gSequences, marking itlas&gsful).

c) If d is not rejected, then output its navigatpaitern.

11%

ind

Figure 5: The mining Algorithms of WUM
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3.11. Navigation Patterns and I mportant to Discover

Navigation pattern can be defined as a graph lagitiording to a pattern descriptor.
Obviously, the patterns to be discovered must lserdeed according to more general
criteria. In particular, Murat et al (n.b)), we ndeea way of specifying the
“interestingness” of navigation patterns, as sulyely conceived by the mining expert.
We suggest that, informally, “interestingness" isgecification concerning given an
“interestingness descriptor”, it must build all Gmmant navigation patterns by assigning
appropriate values to all components of the stat¢émet explicitly specified. In WUM,
Mary et al, (2000), an “interestingness descripisra query in our mining language,
MINT.

3.12. Knowledge Discovery Queries

Similarly to Lukas, (n, d)we believe that good mining results require aeliogeraction

of the human expert and the mining tool, in whitle texpert uses her/his domain
knowledge to guide the miner. Therefore, WUM pregc mining query language, with
which the expert can specify the subjective chargtics that make a navigation pattern
of interest to her/his.

The notion of interestingness based on beliefssisudsed in Dietmar, et al (n.d) a belief
is a rule of the form A->B, which is expected to fbee. The same study proposes
mechanisms for the verification of beliefs and thgcovery of belief violations in the
context of association rules. To the best of ouowedge, there is no respective
formalism for beliefs on sequential patterns. HogreWINT allows the specification of
beliefs or belief violations as predicates. Preisacan also be used to specify the
structure or statistics a navigation pattern shbalde to be of significance. Thus, besides
the classical mining criterion of a support thrddhanuch more elaborate criteria are
supported.
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3.13. Pattern Analysis

Pattern analysis is the last step in the overalb\Weage mining process in accordance
with, challenge of pattern analysis is to filterinteresting information and to visualize
and interpret the interesting pattern to users.

The motivation behind pattern analysis is to filbet uninteresting rules or patterns from
the set found in the pattern discovery phase. Kaeteanalysis methodology is usually
governed by the application for which Web miningd@e. The most common form of
pattern analysis consists of a knowledge query am@sm such as SQL or MINT query.
According to Dietmar, et al (n.d) there is anotii&thod is to load usage data into a data
cube in order to perform OLAP operations. Visudl@a techniques, such as graphing
patterns or assigning colors to different values) often highlight overall patterns or
trends in the data. Content and structure inforonatian be used to filter out patterns

containing pages of a certain usage type, congeet br pages that match
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CHAPTER FOUR: METHODOLOGY

4. Overview of the methodology process

According to Dipa,(2010), web usage mining havee¢hmain process in order to
discover a knowledge from the data ware house,cauth paper use for his work
according to this researcher, described abovs, iecessary to perform three steps, see

fig 5,but the detail of those how to accomplishsthanain process are described below.

Log File \
o, l > -

Data preparation

or Data cleaning

|
. "

Pattern Discovery

\ll

Pattern Analysis

\l[

Knowledge

Discovery

Figure 6: web mining usage main process to discover knowledge.
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4.1. Tools Selections for Preprocessing

As stated earlier in chapter ,there a lot of toades for preparing a dataset for the
intending purpose but the selection of those ti®lsiot easy since every tool have
designed for specific purpose but none of them ctigive a good output unless they
combine each other in order to meet efficient outphe author of this paper selects the
two major tools(\WUMprep) and WUM (web utilization miner) to meeetbbjective of

the research i.e. navigation behavior of the wedrausThe explanation of the why those

tools are selected, given below.

The author choose the WUMprep tools because Dafzapation using WUMprep scripts
is a straightforward and efficient one time proaedthat prepares the data, Its primary
purpose is to be used in conjunction with the Weage miner WUM, but WUMprep
might also be used standalone or in conjunctiom wiher tools for Web log analysis.
Therefore, the author found no need to implemesitdaita preparation into navigational
discovery software, besides to that even if the WWislve some capabilities of
preprocessing, but does not support the main ptepsophases such as removing robot

hosts and etc.

User Navigational Behavior Page 58



Means of
preprocessing

Extended log format of AAU

Pre-processing

Analysis

Visualizing tools

Removing irrelevant

\ 4

.2

Web utilization miner

WUM visualizer

WUMprep

Removing robots

Aggregated Log

4

4

\ 4

Sessionize

Sequances

4

Microsoft EXcel

Figure 7: the research model

Transactions

v

Vistor trial

A\ 4

Pattern selection

e I————

User Navigational Behavior

Pattern Discovery

Page 59




User Navigational Behavior Page 60



As it have been mentioned in the above figure 6¢clwbBhows how the objective could be
achieve, even if the preprocessing done using thdfep, the researcher regulate the
configuration of the tool to meet the objectiveheTdata cleaning is done based on the

following criteria.

4.2. Removing Irrelevant Records and Status

The removing of irrelevant records are significaatit have mentioned in the chapter
three , as these requested log files are not@miyain requests to the pages comprising
the Web site, but also requests of images, saiptembedded in these pages.

The author of this paper uses to remove those edeldeextension of files should be
removed because these “secondary” requests areerded for the analysis and thus
irrelevant (they must be removed from the logs t@efaining). Those requests are in the
following table with their definitions:

\.ico, A file format used for icons in the operating syste

\.gif, A popular format for image files, with built-in gatompression

\.jpg A file extension indicating a file of JPEG filerfoat; i.e., a digital picture

\.jpeg, A file format commonly used for image compressiddn image file in that
format

\.css, This is a document format which provides a setyiesules which can then
be incorporated in an XHTML or HTML document

\.JPG The most common image compression format useddiaticameras.

Table 3: Irrelevant list of requests
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Beside to that, the author only interested on regwéich only have the status 200 series,
because concern only successful requests whichlynstiows the users who get what
they want and the other requests’ are not negarame .

In general, according to the researcher these ségudd not represent the effective
browser activity of the user visiting the site; berthey are deemed redundant and should

be removed.

4.3. Removing Robots

The author of this paper strongly believes to dgiish between human users and hosts
that are robots, there exist several heuristicst dmve mentioned above in chapter,
section three. They are implemented in the sdFipstly, all records containing the name
“robots.txt” in the requested resource name (URE)identified and straightly removed

from the original log files.

4.3.1. Removing Duplicate requests

If a network connection is slow or a server's re@spbme is low, a visitor might issue

several a successive clicks on the same link bef@eequested page is finally showed
in his browser. Those duplicate requests are nioigee date and should be removed. The
author of this paper uses, the most widely accetttezshold for of 2 seconds between

two consecutive requests the entries that corresptnrobots can be eliminated.

4.3.2. Sessionize

A session is a contiguous series of requests framgle host (in context of web usage
mining , a session requested of series pages ordene ) Multiple sessions of the same
host can be divided by measuring a maximal page tirae for a single page, the author
uses a Session which is computed by taking any tiiRé stamp ,to achieve theses the
researcher uses the most accepted time thresiwbiidh is 1800 sec or 30 min to

identify the sessions using the these timestamp.
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4.4. Dividelog format

The preprocessed data needs to be dividing intcageable size before feed into WUM
because it takes long time to process the datthescesearcher writes a python code to

prepare the processed data for the WUM.

4.5. Tool Selection for Navigational Behavior

The transformation of the web server log into a ¢dgsessions appropriate for mining
and the process of navigation pattern discoveryparéormed in the framework of the
Web Utilization Miner WUM, according to Andlia ek,a(2003), WUM (web utilization
miner), Its primary purpose is to analyze the natigmal behavior of users in a web site,
furthermore, Navigation pattern discovery is parfed on the portion of the web server
log that contains the sessions. The discovereeérpattreflect the desired behavior of the
visitors. These patterns are then used as a lmaaisalyze the sessions in the rest of the
log, comprising the sessions of the active investics that did not become customers.
The architecture of Web Utilization Miner, Therews major modules: the Aggregation

Service prepares the web log data for mining ardMINT-Processor does the mining.

In ref Bettina et al (1999), The Aggregation Seevextracts information on the activities
of the users visiting the web site and groups cmutsee activities of the same user into a
transaction. It then transforms transactions irgquences. Its major task is to merge
those sequences into tee structure, on which aggregated statistical infdroma is
retained. According to Marya, et al (n.d), AggregatService assumes that accesses

from the same host come from the same visitor.

Aggregate Trees: The Aggregation Service of WUMats the visitor trails from the
web log and aggregates them by merging trails thighsame prefix into a tree structure,
the “aggregate tree”. An aggregate tree is a &i®ode of which corresponds to the
occurrence of a page in a trail. Common trail pefiare identified, and their respective
nodes are merged into a trie node. This node istated with the number of visitors
having reached the node across the same trailxpi®fe call this the “support” of the

node.
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In accordance with Marya, et al (n.d), The MINT-¥ssor mines the aggregated data
according to the directives of the human expertINW' is the mining language serving
as interface between the user and the miner. Tperexnses MINT to instruct the miner
on the formulation of the output, and, most impoattig on the interestingness criteria to
be satisfied by the desired patterns.

In ref to Bettina,et al , (1999),generalized dgstarn like “The MINT-Processor is
responsible for identifying common patterns in ldrge aggregate tree of the Aggregated
Log, merging them to aggregate graph objects, cdmgpuhe node supports and

evaluating the query predicates.”

Besides to the above, the following points coulddi®n as a reason why the researcher

selected the WUM as tool for navigational tool.

* It's designed to work with The WUMprep module (whits responsible for the
pre-process phase ;)

» lIts free and open source tool (not commercial)

WUM has mining language (MINT query) which serviexginterface between the
user and the miner for filtering the interestingneattern to be satisfied by the
desired patterns.(is also open source and free)

* WUM uses for the discovery of navigation patternsd avisualization of
interesting Patterns.

* It's a sequence miner and support GSP algorithms.

* It can generate comprehensive statistical repgardeng the web log in better

way so that it can be used as in put for othestéml better visualization.

Generally, WUM is a sequence miner, a mining systenthe discovery of interesting
navigation patterns. Further explained in Maryalet(n.d), its purpose to analyze the
navigational behavior of users in a web site asdalier navigation patterns in the form
of graphs. it discovers patterns comprised of esvémdt are not necessarily adjacent and
satisfying user-specific criteria is a mining systdor the discovery of interesting

navigation patterns.
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4.6. General M ethodology

The overall pictures of the methodology can becdleed as the following figure 7, the
WUMprep scripts does the preparation steps(in theve illustration ) , which is the

input for the WUM tools discovers the navigatipattern and mining patterns and
visualize the result using WUM visualize basedl@miner interests.

Original web server log
|

l Preparation
Instruction _ Phase (WUMprep)
— AT Prepareh log

— l
Result pattern Mr -

T Discovery

M '
\

Mining results

Mg phase (WUM

A

Figure 8: navigational process of WUM
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CHAPTER FIVE: EXPERIMENT

5. Over view of Experiment setup

The experiment has been conducted on the follos@tgp

o Computer Type: personal computer (X32-based PC)

* Operating system: OS Name Microsoft window 7 ultimate edition

* Processor: Intel (R) Pentium (R) Dual CPU T3200 @2.00GHZ 2.B@G
* Web mining tool: web utilization miner (WUM?7.0 the latest version)
» Supported tools: Java version 1.5 (WUM java based tool)

* Programming Language: Perl (WUMprep suit of Perl script).

» Python code: To divide the web log into manageable size

5.1.Data Collection and Selection
The data for this study is a web access log da&Add official web site .As mentioned
in the chapter one, a web log data is favored byyrfar web usage analysis. Two

months web access logs have collocated for thdystor December and November.

5.2.Data Cleaning

The data collected from the AAU web server logs fateof junks that are not cleaned
and should pass through some data cleaning phsseshe figure below) ,it is important
steps to truck down the exact behavior of the o$¢he official web site unless they
removed it is difficult to achieve the objective tifis paper. Those phases must be
undertaken to have cleaned data for further usesc€ps). The sample Log data are

collected from AAU before preprocessing.
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66. 249. 65. 124 - - [ 28/ Nov/ 2010: 04: 26: 35 +0300] " GET
/i ndex. php/ gl obal -t ext - proj ect HTTP/ 1. 1" 200 22916 e
"Mozillalb.0 (conpati bl e; Googl ebot/ 2. 1;
+ht t p: / / www. googl e. conf bot . htni ) "

66. 249. 65. 87 - - [ 28/ Nov/ 2010: 04: 26: 37 +0300] " CET
/i ndex. php/ conponent / event s/ vi ew_nont h/ 2009/ 06/ 01?cat i ds=97

HTTP/ 1. 1" 200 38809 "-" "Modzilla/5.0 (conpatible; Googlebot/2.1;
+htt p: // ww. googl e. com bot. htm )"

66. 249. 65. 104 - - [ 28/ Nov/ 2010: 04: 26: 43 +0300] "GET
/i ndex. php/ conponent / event s/ vi ew_week/ 2011/ 04/ 26 HTTP/ 1. 1" 200
28388 e "Mozillal5.0 (conpati bl e; Googl ebot / 2. 1;
+ht t p: / / www. googl e. conf bot . htni ) "

Table 4: A small extract of a Web server log cotgen

From the original web log see table 4, which careasily seen a lot of junks, noises as
well as robots (spiders, crawlers) those shouldepeoved in order to have clean web
logs to have appropriate ,efficient ,effective datgs.

5.2.1. Removing Irrelevant
As a result of removing irrelevant the number @f limes decrease in enormous seize the
reason for it , those log files which contains sleene extensions (see previous chapter),
and those repeated requests that may came frortienpasers will be eliminated that’s
why the number of records seized in such amour#.dftginal size of the records before
were 50701 KB records (KB) and after the log filtereprocessing it became to
12416.KB.

-
6 CiPeribinperl.exe “——- s e e ]

Reading cunflgulatlun flle C /erlg/ndmlnlutlﬁtul avet—PCrDesktop-UHUMprep3. - src ujl
umprep.-conf .

Reading log folmat definition... =
host_

: 1dent

= auth_user

- ts_day

: ts_month

= ts_year

= ts_hour
: ts_minutes
: ts_seconds
= t=

: method

= path

= protocol
| = status
#Field 14: sc_bytes
PField 15: ignore
Field 16: referrer
Field 17: agent
Field 18: session_id

I-OW\JU’\U'l;hI’.\JNHE
Y '

IC:“UsersAdninistrator.awvet— PC\De“ktDp\uUleep3\“lc\logF11tel pl:

Filtering input log f11e 1z access ..

47088 lines plncessed =
E axs

Figure 9: removing irrelevant records sample.
e —
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5.2.2. Detect Robots

The process of detect robots are very importamitniatee the irelevent records whch
are caused by the misusers that cames from waheurces like (speider ,web crawlers)
in other words , web surfing requested that aoefdst that ordirnary pepole do not do in
such fast ways caused by web crawlers.Accordingyt@xpertment the number of robots
are based on the maximum page view and againsKiigt* in the WUMprep.The
number of robots that detected from the web sedogsrare shown below,

) C:\Perl\bin\perl.exe - ~ o | B ||

i ident

I ts_day

: ts_month
: ts_y

: ts_minutes
: ts_seconds

: protocol
: status
: sc_bytes
: session_id
iguration file C:-/Users/Adninistrator.awet—PC/Desktop/2nd/src/wanpre

Processed 55888 lines of log
Total number of hits: 55163
Mumber of robot hits: 29956
» of total by rohots: 54.36

Writing output and performing DNE lookups (if neccessaryd

i Figure 10: sample removing of robot hits

According to my experiment, for the months of Debem the numbers of robots inside
the Log format are 54.36 % robots from the tot#s,Hior the months of November the
total number robots are against the total hit &&&%. Samples of robot log lines that
are resulted after preprocessed of log filter:

208.115. 111. 247 - - [05/Dec/ 2010: 05: 03: 20 +0300] "CET /robots. t xt
HTTP/ 1. 1" 200 --304 "-" "Mbzilla/5.0 (conpatible; DotBot/1.1;
http://ww. dot net dot com org/, craw er @ot net dotcom org)"

(robots. txt)

208. 115. 111. 247 - - [05/ Dec/2010: 05: 03: 21 +0300] "CET /robots.txt

HTTP/1.1" 200 --304 "-" "Modzillal/5.0 (conpatible; DotBot/1.1,
http://ww. dot net dot com org/, crawl er @ot net dot com org) "
(robots. txt)

Figure 12: Sample robot log files.

From the above results what it can be observalddyethat some of the requests that

came from same IP address that468( 115. 111. 247) within two seconds, those
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requests originated from the same |IP address withiwo seconds.
([05/Dec/2010:05:03:20 +03003nd ( 05/Dec/2010:05:03:21 +0300)

5.2.3. Sessionize
The Sessionize which are resulted after the detect the robots and give the following

results as shown below,

@ C:\Perl\bin‘\perl.exe — e lﬂﬂlﬂ—hj

p.conf .

Readlgg conf1gu1at10n file C:sUsers/Administrator.awvet—PCrDesktop/2nd/sprc/vunprells
p.con

Reading 1og format definition.

Field host_ip

Field : auth_user

: ddent

: ts_day

: ts_month

qumu‘!.&mMHB

: protocol
MField 13: status

I sC hyte*

: session_id

inistrator.awvet—PC\DesktopsZndisrchsessionize.pl:
zessions in log access.clean.nobots ...
28888 lines processed..

Figure 13: sample sessionaize process

The sesseinalize creates number of sesseionize;datg to my experiment the number
of session’s creates are about 23411.some log\Wwhé&sh are exceed from the threshold

i.e. 1800 sec or 30 min are removed .for the detalin sample of in the appendix.

245208:1[10.90.10.28 - - [28/Nov/2010:04:27:21 ®)3GET /index.php/library-and-
museum/library HTTP/1.0" 200

245208:2|10.6.13.66 - - [28/Nov/2010:04:31:19 +Q3GET / HTTP/1.0" 200

245208:3|207.46.13.93 - - [28/Nov/2010:04:34:3903GET
/index.php/academics/schools/348-schools?tmpl=comp&print=1&page=
HTTP/1.1" 200

245208:4|68.52.248.143 - - [28/Nov/2010:04:35:2306) "GET / HTTP/1.1" 200

245208:2|10.6.13.€- - [28/Nov/2010:04:41:19 +0300] "GET / HTTP/1.0"0
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As it can be observable from the above fig 13,thatonly status that filter from the web
log files are GET and the status of 200 which iatBe the successful requests from the
web sites users, besides to that the session eméfidd . The types of log formats are
converted from the Extended log format into Comnhagy formats (see chapter Two,

types of log formats).
5.3.Generalized Reportson Log Preprocessing

In this section the result of preprocessing willdigcussed in general manner, an average
user requests per day is 200220 lines. The pregsouwe phases undertaken for both
months (December and November) gives the followsgplts after undergone through
different phases of preprocessing for the montimgl summarizes for one week in

December the following tables. See for the montidavember in appendix.

Original log After removed | After detected After Cleaned data for WUM)*

entry records | irrelevant data robots Sessionize
220340 150127 70564 25005 25005
230087 160743 72087 24060 24060
200406 148906 63480 21000 21000
190967 138967 50653 19734 19734
200190 178300 60752 20674 20674
200150 167543 47897 19653 19653
220205 120950 62096 23765 23765

Table 5: A Sample records for the week in Decenalfter undertaken the preprocess
phases.

Note:*the cleaned common log format cannot be directiyiriéo the WUM they must be

dividing for manageable size, using the python code

As it have been mentioned earlier the log files @vatains irrelevant data, irrelevant
records and noises, that's why we can observe tlmrabove experiment result in the
table the size of original log entry records deseghin average of 80%.for the months of
November the size of records of original entry dased in average of 73%.(see in the
appendix).
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5.4. Navigational Behavior of December

5.4.1. Aggregated LOG tree

The aggregated tree are results from the web naifter the sessions creates based on the
above preprocessed tool (WUMprep) and importechéoniiner resulted the aggregated
tree for the months of December as follows.

ﬁ WUNgui [websiteAAu] - Agaregated Lo

Tree Graph | Tree View

[Root08) [i1,348] [1,2,28] 23] {430 [i5:2 [h&:1] 7]
n] [ | 1 [ | [ | [ | [ | [ | E
‘ fi-and-museumilibrany;1 17 166 1]
[ | [ | =
[hpicomponentiagarchrd 1]
[piadministrationfict ;1]
[ |
i-and-museumflibrary 1]
| |
[pibrany-and-museum; 1] [plibran-anc-museum: 2.1] [padministrationfict 1] fadmissionsigra
[ | [ | [ | [ |
[haleomponent'searchi 1 A][4:1]
[ |
[ssionghundergraduate; 1] [indexphpfahoutaau 1] [ndexphpiacademios 1] [php/administrat
| | | | | | | |
[i-and-museumnibran; 1] [F4:1] [siness-and-econamics; - 1jcaunting-and-fing
[ | [ | [ |
[PRGETHIO-FRENGH php; Tridex phpdinguistics 111 [13:1]
| | | | | |
[index phn ;4] 3 [faculty-ofmedicing;1:1]  [facufty-of-medicing; 21 [4:1]
[ | [ | [ | [ | [ |
[hplcamponentisearch ;1] af-profle-sosa-soc 4] - hwA54-stefprofile 1] thplcomponentise
[ | [ | [ | [ |
lindexphn 22l
| |
[erschool-of-pharmacy;1;1] [dex phpfprogramsphar1 1 [preguistionspharmac; 1 1] (hpfadmissionpharamey; 1 fninistrationphan
[ | [ |
indexphpladmiszions,1 1 |[missiansi-graduate;t 1 ladmissionsigraduate 1]

Figure 15: Sample aggregated tree for the month of December

As we can see from the above figure 14 ,an agtgddaee that the total number of
nodes or total traverse make by users are 60&h&ntonth of December, based on the
aggregated tree the MINT query applied to find neséing pattern or for sequence
analysis from it. The researcher chooses the sommples to find interesting pattern for

the month of December. For the month of Novemberirs¢he appendix.
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5.4.2. Sequence and Navigational Discovery of Users

As previously mentioned in chapter three, the galimad sequence pattern describes the
behavior of users by filtering out the interestpattern from the aggregated tree using
the MINT query. ,In the following sections, the eximent is undergone using some
most interesting patterns using the MINT queryiszover the most important issues that
should be discovered according to the researcHeardevest , like Where do visitors of

page Home go after wards?, Where do visitors ger &fping thewww.aau.edu.et(/)?,

To Find out pages that always visit together ard lat its pattern, Where do visitors go
after search page of AAU (/index.php/componentd®& What is interested in
navigation patterns between two pages.

Sequence analysis 1: Where do visitors of page HOME go afterwar ds?

Using the MINT (see appendix for syntax of MINT)equ the author is interested where
users go after the accessing the home pages umtileixt five pages, using the following

guery to the MINT to discover users’ navigationahbvior.
Explanation of the query

In this query, we specify a template t with twoightes a, b, thus seeking for with two
pages bound to a and b and at most 5 arbitrary peg@rences in between denotes that

“a” should be bound to the first page which is érgbhp/home and at least visited

(confidence) 20% occurrence in a session
select t

from node as a b, templatea [1;5] bast
where a.url = "/index.php/home"

and (b.support / a.support) > 0.2

The above query results a following patterns usiigMvisulizer but the author puts

some sample results in the following figure.
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Type of Results: @ Complete Patterns {_) Partial Patterns
Pattern | “ariable URL and Occurrence Abs. Support Confidence

1 a findex.php/home; & 10 1.0]~
1 b findex.phpfadmissions/graduate; 2 3 03]
2 a findex.phpihome; 13 1 10| |
2 b findex. phpfacademicsfacultiesfaculty-of-medicing; 6 1 1.0

3 a findex.php/home; 13 1 1.0

3 b findex.phpireqgistrar; 3 1 1.0

4 a findex.php/home; 10 4 1.0

4 b index.php/admissions/graduate; 2 1 0.25

5 a findex.php/home; 3 87 1.0

5 b findex.php/home; 5 27|0.3103448275...

] a findex.php/home; 4 49 1.0 =

Here, we receive all pages reached within 5 pafies HOME (index.php/home), which
has been accessed 100 or more times, providethtted pages have been accessed by at
least 50% or 100% of the visitors visiting HOME t faas we can see from the result the
most accessed pages is /index.php/library-and-nmusesers stay 100% visting the
content of it, It is also clear that most users wisited the home page also stay in 100%
within the page of /index.php/registrar thosethezmost .of course the other pages like
/index.php/admissions/graduate users stay in thpegges users stay in the page for

average 26%,even if they are the most visite@padter Home pages.

Navigation pattern:

WUMgui [WUMLOGnov] - Result Graph 1/2 of Result Navigation Pattern 1/41

l/ Tree Graph |/ Tree View |

a= [findexphprhome;8;10] [findex.phpthome; ;5] lindex.phpthome; 10;3] [fadmissionsigraduate;1;1] b = fadmissionsigraduate;2;1]
| | ] | | o

h = [fadmissionsigraduate; 2;1]
o

[index.phpfadmissions; 2,11 b = fadmissionsigraduate; 2;1]
u]

u]

As we can see from the navigation pattern most lpeape going to the page of

/admissions/graduate after visiting the home pateslear to see that most users stay in
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the HOME page (/index.php/home) and navigate betvee home and admission pages
finally to reach the target pages.

Sequence analysis 2: Find out pages that always visit together and look at its

pattern.

Explanation of the query

In this query, we specify a template t with twoighles a, b, thus seeking for with two

pages bound to a and b and at most 5 arbitrary pegarences in between denotes that
“a” should be bound to the first page which is érgbhp/home, this page should be
visited at least 100% and b page should be at lesistd 20%(confidence) occurrence in

a session.

select t

from node as a b, template a [1;5]
bast

where a.url ="/index.php/home"
and a.support > 100

and (b.support / a.support) > 0.2

The above MINT query results one patterns,

Type of Results: @ Complete Patterns i Partial Patterns

Pattern Variable URL and Occurrence Abs. Support Confidence
1 a findex.php/home; 2 170 1.0
1 b findex.php/home; 4 38| 0.2235294117 ...

Here, we receive all pageghere a is 2nd entry, which has been accessedrlftbre
times, provided that b has been accessed bysit2@&o of the visitors visiting a. And b

has been accessed 22%.
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Navigation pattern

findex.phphame;3;53] b= [iindex.phprhame;4;23]
L] o
[fadmissionsigraduate; 2;1] b = [findex.phpfhome;4:1]
| | u]
[fadmissionsigraduate; 4,1] fadmissionsigraduate; ;1] b = [lindex.phpthome; 4;1]
[u]

[daetCamnpilation ks 1;1]  Fadmissionsigraduate;4;1] lindex phprsiter-map:1:1] b= indexphpdhome;4:1]
[ | | | o

1.3 b = [findex phphome 4:1]
u]

Figure 16 :Navigation pattern

From the figure 15, its easily observable heresee that when visitor start from looking

at/index.php/home page, 20% of them will stay within this subjeatar

GSP analysis 4: Which paths do visitors take to read blogs?

In this query, we specify a template t with twoighles a, b, thus seeking for with two

pages bound to a and b and at most 5 arbitrary peg@rences in between denotes that

“a” should be bound to the first page which is érgbhp/home, this page should be

visited at least 20 % and b page should not b&edsn the sessions.

select t from node asa b ¢, templatea __ b [0;0] ¢
ast

where c.url = "/index.php/view-blog"
and b.url !="/index.php/view-blog"

and (b.support / a.support) > 0.2
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Hattern vVarnabple UKL and Uccurrence ADS. Support confidence
1 a 15 349 1.0
| b I8 73| 02091690544,
| C fIndex.phpmew-olag: 1 1| 0.0028653295...
2 a [aaU_staf_load/EnterLoadinfo.php; & 2 10
2 D findex.php; 2 1 0.5
2 C findex.phpMew-olag; 1 1 0.5

The out of the query give us two patterns ,Hereregtve most users reaching the page
/index.php/view-blog pages after users stay 100%ha page of root page (/) and
/aau_staf load/enterLoadinfo.php ofcourse somesustaly 20% and 50 % respectively

stay in the home page before reaching to /indexvig-blog pages.

G-sequance

WUMgui [WUMlognov] - Result G-Sequence 1/4 :

Tree Graph

a=1[h5344]

h=[ha:73] o= [findex phpfiview-hlog;1:1]
O a

a = [adiEnterLoadnfo.php8;2]

b= [findex.php;2;1]
a

¢ = [findex.phphiew-blog;1;1]

a a
a=[hT:2248] b=[H10:46] ¢ = [lindex.phphiew-hlog;1;1]

a a a
a=[10:136] h=1[13;37] ¢ = [findexphpfview-hlog;1;1]

a a a

the Users do not take a single paths to reachtexiphp/view-blog most of the users
take a path from the root pages,and the second mmets take to reach using

/aau_staff load/EnterLoadinfo.
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GSP analysis 3 :Wheredo visitors go after search page of AAU pages?

In this query, we specify a template t with threeiables a, b, thus seeking for with two
pages bound to a and b. occurrences in betweenedetiat “a” should be bound to the
first page which is /index.php/home. b page shdwddat least visited 15% .page c
(confidence) occurrence is at least 30% a session.

select t
from node as a b c, template

al0;0]b[0;0]cast

and a.support > 10
and (b.support / a.support) > 0.15
and (c.support / b.support) > 0.30

where a.url = "/index.php/component/search”

Pattern
Type of Results:  ‘® Complete Patterns i_' Partial Patterns
Pattern | Variable URL and Qccurrence Abs. Support Confidence

1 a findex. php/component/searchl; 5 53 1.0
1 b findex. php/component/searchl; & 21| 0.3062264150...
1 C findex.php/component/searchl; 7 12(0.2264150943. .
2 a findex. php/component/searchl; & 1 1.0
2 b findex php/component/searchl, 7 16| 0.5161290322. .
2 C findex.php/component/searchl; 8 71 0.2258064516...
3 a findex. php/component/search, 1 431 1.0
3 b findex.php/component/searchl 2 145 0.3364269141...
3 C findex. php/component/searchl; 3 66| 0.1531322505...
4 a findex.php/component/searchl, 7 23 1.0
4 b findex.php/component/searchl; 8 10| 0.4347826086...
4 C findex. php/compaonent/searchl; 9 710.3043478260...
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All the ten patterns show that user’s do know whbey are looking for. most of users
who stays in search engine 100% and also stadyisrpage for average of 40% ,they do
search function stay within search the page.

G-sequence pattern

WUMgui [WUMLOGnov] - Result G-Sequence 2/9 §§

[ Tree Graph | Tree View |

| ¥

a = [hpfcompaonentrsearchrf;31] h = [hpfcompaonentrsearchr; 71 6] ¢ = [hpicompaonentrsearchl 8,7
o o o

a=[hpfcomponentizearchiB;31) b = [hpfcomponentizearchrl;7;16] ¢ = [hpfcamponentisearchi ;7]
u] u] m]

Sample of the above ,the author do not need talptite g-sequence from the navigation
pattern that users stay in the search page as neegafrom the above result, that users
stay in the search page.
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Navigational between two pages

Only patterns starting at a node with support astled0 are of interest. One URL is
explicitly excluded (index.php). Namely X*Y, showthe second part Y*. Our
visualization module currently displays patternstrags; this is why X*Y is a tree, all
leaf nodes of which refer to the same page. Thie pa the value bound to the variable

Y.

select t

from node as x y,
template # x *y * as t
where x.url = "/index.php"
and x.support > 40

and y.url = "/index.php/academics"

The above query results the following navigationeg,

1= [indes phofacademics 1 FRL [index phpet: ) [ne-cultural-hertaged: ] v=inde phplfacademics; 2]
i} | | | i}
= [inde phplacademics; 2.2
i}
] [college-cfeducation’?: ] 3] (lndex phpfeontacts: ] v=indes phpfacademics 21]
| | | | 0

= [inde pholacademics; 28]
i}

From the above figure that most users who use ¢hdeamic pages do not leave to other
non-academic pages which is not related to thieid fiwhether stays at this page or leave

the web site.
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5.5.Statistical Analysisfor the M onths of December

The WUM cangenerate a comprehensive re in terms of simpldéables the research
used other tool (MicrosofExcel) for better visualizationreport will be discussed li
what are ,most requestpdges, most visited pages, most visited directsnyell as mo:
referee pages for the month of December will bewtised .For the month of Novem|

see in appendix.
5.5.1. Most requested pages

The following table shows the top ten most accegsages dung the monthsof

November .For theest of the months sdn appendix.

Most Requested Pages

m/
2.45% 1.73%
3.179% 2.01% M /index.php/
3.45% 3-17% «

il

m /index.php/component/search

/
m /ies/

4.03%

M /index.php/philosophy/

® /index.php/library-and-
museum/

/index.php/academics/faculties

/
/index.php/admissions/

Figure 17: Top 10 most requested pages.
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A figure shows the Top ten most pages during thatheof December ,As it is shown
the most requested pages is the / or www.aautedpeges followed by

/index.php/component/seardid the page /index.php/library-and-museum

This is reflection of that the /index.php pagerest popular by most users in all the
three months .in fact ,this shows that most visitemnter into the site directly by typing
the web site address as it shown in the abovetdmecThe search engine of the Addis
Ababa University the second most accessed pagksvéal by the /index.php/library-

and-museum pages.

5.5.2. Most visited directories

The root directory 7" is the most accessed directory where the roactiry in root
folder is located .Most users also shows interesthe contents under thiendex.php/
folder. It is also possible to say that from thépot those are also important visited pages
/index.php/component/search/

Most visted directory

m/ M /index.php/

® /index.php/component/search/ M /ies/

H /index.php/philosophy/ ® /index.php/library-and-museum/
/index.php/academics/faculties/ ® /index.php/admissions/

/index.php/academics/ /index.php/aboutaau/
3.17% 2.43% Y3,
3.17%
4.03%
3.45%
6.76%

Figure 18: Top ten requested directories
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For the rest of thenonths, mos of the directory are requestede the same as the abo
until the top three directory but the othersla@eame familiar in the next pac

5.5.3. Most Top Entry Pagesand Top Exit Pages

TOP ENTRY PAGES
1.13%

1.13%
1.69%

1.13% 1.13% m/
1.69% 1.69%

i 2 20

O —
3.39% MRS — H /index.php

m 000 N
m /index.php/library-and-

museum/library

M /index.php/view-blog
m /index.php/academics
m /ies/index.php
m /ITPhd/students.php
u /index.php/view-

blog/viewpost/823

/index.php/view-
blog/viewpost/812

Figure 19:Top ten entry pages

The entry pages are pages that indicated that éfesite users first visited where as

top exit pages is the last pages the users visitédal web site.From the figure belo
what we can observe is that tl/” root pages where it is located accessed moredhg
other pagesalmost half of the reques<80. 23%) and the /index.phjpe second most tc
entry page and last not least /index.php/library-and-museum/libratige third most toj
entry of pages, followed byndex.php/viev-blog and/index.php/academicsthe 4th and
5thtop entry pages. For the rest of the months seeraldp of Decembe
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For the month of November, as it as shown in tgaré 55.68ve % of the visitors have

entered into the web site directly through tlaexd index.php.

0.97(%30% TOP EXIT PAGES

%

0.26%
0.38%46% m /index.php

1.00%.19%

B /index.php/admissions/graduat
e

® /index.php/home

m /index.php/library-and-
museum/library

H /index.php/component/search/

® /index.php/home/1001

m /index.php/admissions

m /index.php/academics

/index.php/aboutaau

m /index.php/aau-bpr-all

Figure 20: Top most exit pages.

From the above the figure ,we can see that thexdmpages are the “/” or after the user
type the web site address and leave the web siteoutimaking any click steams .the
second most exit pages are /index.php and lasteast ,the 3rd most exit page are

/index.php/component/search/.
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5.5.4. Top Referrer Pages

The top referee pages are pages where the visdgerlecated when making the next

request with the official web sites.

030% TOp Referrer Pages
0.96%8%

0.97%
M /index.php

1.00*90.2165/3% 0.16%

® /index.php/admissions/graduat
e

® /index.php/home

M /index.php/library-and-
museum/library

m /index.php/component/search/

H /index.php/home/1001

m /index.php/admissions

m /index.php/academics

/index.php/aboutaau

Figure 21: Top Ten referee pages.

From the above figure , what it can be easily olsde that most users makes the next
request from the page of /index.php which covermore percentage 88.8 %. the next
popular page where users requests the next page iamgated from

/index.php/admission/graduate and which covers%.8% third most refree pages are

/index.php/home which covers the percentage 0f%0.96
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For the months of November are almost the samieasliove but the only difference are
below three requests for more details see in append

User Navigational Behavior Page 85



CHAPTER SIX: CONCLUSIONSAND RECOMMENDATION

Conclusion

* From the navigational behavior of users that we icglicate easily users is no
single point where users go after home page andbeaponclude that users
navigate from top of the page (hierarchy) to thedohierarchy.

* From the navigational behavior search behaviorlmaconclude that most users
use the search engine effectively or know whey thre looking for.

* most request pages are requested to the webystiging the official name of

the web site that isvww.aau.edu.et,that'svhy the most request web page

becomes the root page of course it clear that #le server is an apache server,
when type the official name hit the root directafythe official web site .from
the request pages the second top most requestedes pagre
/index.php/component/search pages, it indicatetsnttost users use this page for
searching key words with in the pages. What else lba concluding that
/index.php/library-and-museum the third requestegsag can be conclude that
most users are interesting in the content, theoreagould be most journals
associated to it.

* Most visited directories are of course the rooecliory since most of users are
typing the name of the official web site and mast hre from the root directory,
the next most directory are /index.php/ which hagter sub directory inside it
like /index.php/home or other directory in side it.

* most users use enter to the web page using the pég /index.php |,

/index.php/library-and-museum/librariindex.php/view-blogand most users also

leave from those pages that it can be concludealmabst the other pages 1/3
,most users leave without visiting the web pages.
» It easy to see that most users use the /index/pigex. php/admissions/graduate,

/index.php/home are most users requests from thages to make for further
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requests, so it would be very useful if the adntiater can put some urgent
notice and advertisement within those sites sthey are most accessed web

sites.
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Recommendation

* Most users come to the page web site directly theeityping the name or from
the search engine that displays the home page cohisl be an indicator the web
site has a kind of sickness .the web master theredbould do some kind of
assessment on the department index pages makehstirthose pages contain
those key word for indexing in search pages.

* The most together accessed pages are the homeipagegssed with itself so it
is important that ,It also important to recommehdit tthe concerned body that is
in charge of AAU official web site design shouldeate quick links from one to
other pages for those pages mostly accessed tergath

* ltis also clear that most users left the web fsden some pages mainly from the
/index.php/home ,/index.php/admission/graduategftrghp/academics from it, it
possible to recommend that the web master shoukl these page for
advertisement and notice and also possible to mewnded further it is possible
to link to other department links in order to em@me web site users to stay in
the web site.

* It is possible to recommend that the web admirstsashould make the most
accessed pages, to be prefetching or cached tergréhe latency of the network
bandwidth or prevent delay to access those pages.

* From the navigational behavior most users stajénltome page and spent less
time in visiting other web pages so it is possiliée recommend the web
administrator should make other pages link withthagsessed pages.

» For further work can be recommended that, sincdish®f robots in “robot.txt”
may be out dated over long time or difficult to detthe latest updates it is
possible to identify the normal (non-robot) hosis rberging log files, widely
accepted log files for purpose are “agent log fikeith “access log file” as a
consequence could be better result.

* The other recommendation for further work, dividle web page based up on
concept of hierarchy which concept divide pagesuting to the service they
provide, once hierarchal classified the pagesoitld give better result.
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* The last not the least, recommendation for theh@rtvork, since by combining
different technique of web usage mining such agesdmmining with web usage
mining (work of this thesis) it could give bettesult in terms of efficiency .
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Appendix A: statistical report for the months of November

Appendix for month of November: Most Requested Directories for the months of November

most requested directory

2.14% u/

3.23% 2.71%
M Directory

3.57%

m/

M /index.php/

B /index.php/component/searc

h/

m /index.php/library-and-
museum/

= /index.php/academics/faculti
es/

m /ies/

/index.php/admissions/
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Top entry pages for Novmber

n/
2.71%
H Directory
3.239% 2.14%
u/
B /index.php/

H /index.php/component/s
earch/

u /index.php/library-and-
museum/

1 /index.php/academics/fac
ulties/

m /ies/

/index.php/admissions/

m /index.php/academics/
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Most Requested Directories
novmber

2.40%
3.04% 1.60% m/

3.63%

B /index.php/

H /index.php/component/s
earch/

H /index.php/library-and-
museum/

m /index.php/academics/fac
ulties/

m /ies/

m /index.php/admissions/
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Top Entry Pages for november

1.21% u/
0.97%
1.21% 0.97% H /index.php
1.21% 1.21% 0.97%

3.40% u /index.php/library-and-
5.10% museum/library

B /index.php/view-blog

H /index.php/academics

m /ies/index.php

m /ies/

® /nprc/Database/NPRC.sql

/march/index.php

u /index.php/view-blog/rss

The following are also the sample of one week fier tnonth of November the results of
those as explained in chapter 5.

Original log After removed | After detected After Cleaned data for WUM)*

entry records | irrelevant data robots Sessionize
210240 140127 69564 20004 20004
240067 160743 72087 24060 24060
203406 148906 63480 21000 21000
200967 138967 50653 19734 19734
200190 178300 60752 20674 20674
200150 167543 47897 19653 19653
220205 120950 62096 23765 23765
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Appendix B: Sample removed List of robots

110.75.173.43 (robots.txt )

119.235.237.16 (robots.txt )

119.235.237.20 (robots.txt )

119.235.237.85 (robots.txt )

119.63.198.11 (robots.txt )

119.63.198.17 (robots.txt )

119.63.198.20 (robots.txt )

119.63.198.21 (robots.txt )

119.63.198.31 (robots.txt )

119.63.198.33 (robots.txt )

119.63.198.35 (robots.txt )

119.63.198.38 (robots.txt )

119.63.198.39 (robots.txt )

119.63.198.41 (robots.txt )

119.63.198.47 (robots.txt )

119.63.198.52 (robots.txt )

119.63.198.54 (robots.txt )

119.63.198.57 (robots.txt )

119.63.198.58 (robots.txt )

123.125.67.227 (robots.txt )

123.125.67.229 (robots.txt )

124.115.6.12 (robots.txt )

130.89.197.30 (robots.txt )

157.55.16.229 (robots.txt )

157.55.16.230 (robots.txt )

174.124.240.38 (robots.txt )

178.154.160.30 (robots.txt )

178.4.31.86 (robots.txt )

178.63.9.74 (robots.txt )

184.154.7.186 (robots.txt )

188.165.226.104 (robots.txt )

193.47.80.48 (robots.txt )

195.215.130.196

(maxViewTime )

202.160.179.85 (robots.txt )

202.180.34.186 (robots.txt )

202.232.133.34

(maxViewTime )

204.236.235.245 (robots.txt )

206.16.59.98 (robots.txt )

206.192.70.55

(maxViewTime )

207.210.81.165

(maxViewTime )

207.241.227.74 (robots.txt )

207.241.228.153 (robots.txt )

207.46.12.236 (robots.txt )

207.46.12.237 (robots.txt )

207.46.12.239 (robots.txt )

207.46.12.240 (robots.txt )

207.46.12.241 (robots.txt )

207.46.13.100 (robots.txt )

207.46.13.101 (robots.txt )

207.46.13.131 (robots.txt )

207.46.13.132 (robots.txt )

207.46.13.133 (robots.txt )

207.46.13.134 (robots.txt )

207.46.13.137 (robots.txt )

207.46.13.138 (robots.txt )

207.46.13.139 (robots.txt )

207.46.13.140 (robots.txt )

207.46.13.142 (robots.txt )

207.46.13.144 (robots.txt )

207.46.13.145 (robots.txt )

207.46.13.146 (robots.txt )

207.46.13.41 (robots.txt )
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207.46.13.42 (robots.txt )

207.46.13.44 (robots.txt )

207.46.13.45 (robots.txt )

207.46.13.50 (robots.txt )

207.46.13.52 (robots.txt )

207.46.13.53 (robots.txt )

207.46.13.54 (robots.txt )

207.46.13.85 (robots.txt )

207.46.13.86 (robots.txt )

207.46.13.87 (robots.txt )

207.46.13.88 (robots.txt )

207.46.13.89 (robots.txt )

207.46.13.92 (robots.txt )

207.46.13.93 (robots.txt )

207.46.13.94 (robots.txt )

207.46.13.95 (robots.txt )

207.46.13.97 (robots.txt )

207.46.194.114 (robots.txt )

207.46.194.126  (robots.txt

maxViewTime )

207.46.194.137 (robots.txt )

207.46.194.42 (robots.txt )

207.46.194.78 (robots.txt )

207.46.195.105 (robots.txt )

207.46.195.106 (robots.txt )

207.46.195.223 (robots.txt )

207.46.195.224 (robots.txt )

207.46.195.225 (robots.txt )

207.46.195.226 (robots.txt )

207.46.195.227 (robots.txt )

207.46.195.228 (robots.txt )

207.46.195.230 (robots.txt )

207.46.195.231 (robots.txt )

207.46.195.232 (robots.txt )

207.46.195.233 (robots.txt )

207.46.195.242 (robots.txt )

207.46.199.177 (robots.txt )

207.46.199.178 (robots.txt )

207.46.199.179 (robots.txt )

207.46.199.180 (robots.txt )

207.46.199.182 (robots.txt )

207.46.199.183 (robots.txt )

207.46.199.184 (robots.txt )

207.46.199.185 (robots.txt )

207.46.199.191 (robots.txt )

207.46.199.193 (robots.txt )

207.46.199.198 (robots.txt )
207.46.199.199 (robots.txt )

*the shading area show
that those which are
excdeing the maximuam
time (1800 sec) and taken

as robots.
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Appendix C: A the Syntax of MINT

query::=
'SELECT’ selectList
fromClause [whereClause]
[groupClause [havingClause]]
selectList ::=
[DISTINCT’] derivedColumn
(', derivedColumn)*
derivedColumn ::=
(valueExpr|aggrExpr)
[[AS’ columnName]
aggr Expression ::=
aggrOp '( [DISTINCT]
(valueExpr|varName) ’)’
aggrOp ::=
'AVG’ | 'MAX' | 'MIN’ |
'SUM’ | 'COUNT’ | 'GLUFE’
fromClause ::=
'FROM'’ tableRef (’,” tableRef)*
tableRef ::=
'NODE’ 'AS’ nodeVar* |
"TEMPLATE’ template
[[AS’ templateVar |
template ::=
[*'] (nodeVar [*'])*
varName ::=
nodeVar|templateVar
whereClause ::=
'WHERE’ condition

(CAND’ condition)*
condition ::=

valueExpr compOp valueExpr

compOp::="="|'<"| ">’ |
'<="|">=" | 'LIKE’
valueExpr ::=

numericExpr | stringExpr
numericExpr ::=

[numericExpr ('+]-)] term
term::=

[term (*'|'/")] factor
factor ::=

[(+7-)] primary
primary ::=

literal | columnReference |

(" valueExpr )’
stringExpr ::=

[stringExpr ’||'] primary
columnReference ::=

varName '’ columnName
groupClause ::=

'"GROUP’ 'BY’ groupExpr

(', groupExpr)*
groupExpr ::=

nodeVar | columnRef
havingClause ::=

'HAVING’ condition

(CAND’ condition)*
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Abstract

Web Usage Mining is an aspect of data mining tleat received a lot of attention in
recent years. Academic researchers have develapextansive array of tools that
perform several data mining algorithms on log fitesning from web servers in order
to identify user behavior on a particular web siierforming this kind of
investigation on AAU web site can provide infornoatithat can be used to better
accommodate the user’s needs.

The Web Use Mining (WUM) , it corresponds to theqass of knowledge discovery
from databases (KDD) applied to the Web usage dtatamprises three main stages:
the preprocessing of raw data, the discovery ofesas and the analysis (or
interpretation) of results. A WUM process extraothavioral patterns from the Web
usage.

In this thesis, we find out the navigational bebawf the user of official web site of
Addis Ababa University web server recorded in wedyver for two months
(November and December), those recorded are raavtdat are full of junks, noises
and irrelevant data contents .In this paper presgmeprocessing tool WUMprep that
uses to filter those unnecessary data, such dsviar records, noise data, and it
crates the sessions based on specific thresholds.

For discovery of navigational behavior, here présdahe Web Utilization Miner
WUM, a mining system for the discovery of interagtinavigation patterns. The
interestingness criteria for navigation patterns dynamically specified by the
researcher using WUM’s mining language MINT, usthgse descriptor it can be
describe the general behavior of users insteathgfesusers behavior using the most
appropriate algorithms known (Generalized sequerattern) which implemented in
WUM.

The General behavior of users constructed by G§6ridims those behaviors are
descried using the MINT query. Those MINT query arermediate between the

users and pages.
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The researcher of this paper also recommend ihaetta better result by combining
the web usage mining with content mining techegjof web usage. Of course
without any doubt it could give a better resultenms of efficiency and effectiveness

results.
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Web Terminology and Definition
In accordance with the world wide Consortium's (W3@ork on Web

characterization terminology Magdalini,P.2006 basedthat the definition are as
follows:

* A Web server
Server provides access to the Web resources.

* A Webresource
A Resource accessible through any version of tRAermd protocol,(for
Example, HTTP 1.1 or HTTP-NG).

A Web page
The set of data constituting one or several Wetbures that can be
identified by an URI.

» PageView
It occurs at a specific moment in time, when a Wadpegs displayed in a Web
browser.

e User Session
A delimited number of user's Web requests (embedudedser-input, also
called clicks), across one or more Web servers.

« Visit
A subset of consecutive page views from a userigesscurring closely
enough (by means of a time threshold or a semadlytidestance between
pages).

- Web Request
A request made by a Web client for a Web resoulicean be explicit
(initiated by the user), or implicit (initiated bthe Web client). Another
differentiation is: embedded Web request (a requeste following a link) or
user-input Web request (a request manually indiatg the user, e.g. by
typing the address in the address bar, selectirg atddress from the

bookmarks, history, etc.).
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*  Web Browser or Web Client
Client or software, which is capable of sending WeQuests, handling the
responses and displaying the requested URIs.

» Session
We refer to a session as a set of web resourceesexyl during a website
visit. It is hard to define session accurately. Wlaewebsite visitor browses
through a website, and then makes a pause andsetuer/his visit may be

considered as one or two sessions.
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Abbreviation

Some of the abbreviations and acronyms used thouighis thesis are listed below:

AAU Addis Ababa University

CERN Center for EurapéNuclear Research

CLF Common Log Format

CRM Customer Relationship Management

DNS Domain Naming System

ECLF Extended Common Log Format

ETC Ethiopian Telecommunication
Corporation

FQDN Fully Qualified Domain Name

GMT Greenwich Mean Time

GSP Generalized Sequence Pattern

HTTP Hypertext Transfer Protocol

ICT Information Communication and
Technology

IBM International Business machine

KDD Knowledge Discovery in Data

LODAP Log Data Preprocessor

NCSA National Computer Security Association

OLAP Online Analytical Process

URL Uniform Resource Locator

VPN Virtual Private Network

WAN Wide Area Network
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WWW World Wide Web

WUM Web Utilization Miner

WUM Web Usage Mining

WUMprep Web mining pre-processing
WUMprep4Weka Web mining pre-processing for Weka
W3C World Wide Web Corporation
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CHAPTER ONE: INTRODUCTION

1.1.Background

In 1990 the internet was initially designed for leaxnge mails between users later it
becomes trendy for use of WWW. The www or 3w in npepular services among
almost any other services the internet provideserdhare number of services
providers (ISP) for the use of the internet actbgsworld. In Africa, the number of
the internet users increasing and increasing friome to time. 5.6% of the world
internet users are from Africa, further explainédhows 2,357.3 %growth from the
year 2000-2010 similarly, Ethiopia has 0.4 % shamgong African internet users
.Even if this seems insignificant when it compamsith the rest of the world,
generally speaking the number of the internet acties world getting increasing and
increasing in dramatic way thorough out worldwigme of the various reasons for
the development of the internet in Ethiopia calseluge amount of investment in
infrastructure like in education ,telecommunicatiand development in others

sectors.

Addis Ababa University, one of the oldest higheu@ation institutes in Africa with

current enroliment of over 40,000 students in @gutar and continuing education
programs. The various faculties of the Universitg distributed over eight major
campuses and eight minor campuses, all within #pital, except one that is 45 km

south of the capital.

Four major campuses (Main Campus, Business Canigdnology Campus, and
Science Campus) form the core network and connecigdfiber network. The
remaining campuses are connected with virtual privetwork (VPN) provided by
the national service provider the Ethiopian Telesamication Corporation (ETC).
Addis Ababa University (AAU) has adopted informaticand communication
technology (ICT) resources as strategic tools imaading its mission of learning,
teaching, and public service. As such, the propegration, use, and management of
ICT resources have become vital to the succesiseotimiversity. Proper integration,

use, and management of AAU's ICT resources entailspng others, equitable

! http://www.internetworldstats.com/stats1.htm#africa
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sharing of their limited capacity, protection ofnsgive information to which they

provide access, prevention of abusive practicebledaby their use, and ensuring

their manageability through technology standaribrét

There are number of services provided by the Addiaba University, one of the
popular services are the WWW(world wide web) amootper services like
teleconference ,data service ,those web servieedigide in two as the official web
site (internet ) and intranet which is not ableb® accessed outside the university
which uses for local uses. The official web siteemsed through the public Ip address
offered by the ETC.

The official web services of AAU an organized ection of Web pages information
is presented in various formats , ranging from aede papers, and educational
content, to multimedia content, blogs .that's whg getting information from the

official web site is the matter of click-streamsthme internet of course if there is
connectivity. As the result the web pages are sgras a bridge between information

providers and the information seekers.
1.2.1CT Development in AAU?

The ICT Development Office was established aroura dummer of 1996 through
visionary leadership a few individuals who realizbdt the AAU would be wise to

join the information age by adopting the technoldlgt has been transforming the
world. The newly formed office initiated a projeeimed AAUNet that has resulted in
a wide area network (WAN) whose first phase of tmmsion was completed in

November of 2001.

The network, which connects all the 14 widely dligtted campuses of the university,
has been growing since. The services deliveredugitrdhe infrastructure have also
been increasing. Despite the pioneering role AAS played in the deployment and
use of ICT and the fact that it now has a relayivebphisticated infrastructure,
however, it is still far from a point where it ideguately served by ICT. At the same
time, AAU’s need for and dependence on effectivé Bhipport is now greater than

ever.

? www.aau.edu.et/administration/DRAFT ICT POLICY AT AAU
3 www.aau.edu.et/administration/ICT
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The national attention given to the expansion amgrovement of higher education as
critical factors in the country’s development hapleit and implied requirements for
the use of ICT in realizing the objectives. AAUdea as a major contributor to these
expansion and enhancement efforts, along withtiperatives contained in its own
ambitious strategic plan, call for the speedy improent of the efficiency and quality
of its academic and administrative functions. Thishard, if not impossible, to
accomplish without adequate ICT support. There amgently various initiatives
underway, both at the ICT Development Office andiots quarters around the
university, to meet the growing demand for and edslithe ICT support needs of the

university.
1.3.The AAU Official web site

The Addis Ababa university official web site wasbfished around some seven years
ago .As the ICT development office of AAU (whiclave mentioned in previous
section) is engaging in ICT related works ,theaiddi web page develop and maintain
by this office. the web site is hosted on AAU’s osgrver which is located in main
campus of the university (6 kilo), The official wetite have the domain of

www.aau.edu.eand have statistical |IP address.

1.4.Purpose and User Community
The official web site being in work to deliver imfpation both the university activity,
in general and about academic and administrativs,un particular, it also delivery
information about news, items and its own advemieset for both vacancies and
student admission and other, of course it hassalsee external links to other web and

other sites such as collaborative organizatiomesearch activity donor agencies, etc.
1.5.Nature and Content

Generally the web sites designed bear in mind uppesrt the objective of the

university. In sections try to discover the natanel content of the web site. The AAU
web site has both static and dynamic nature .taexdew web sites that are static in
nature those pages are not interactively with gsrs but the majority of the web
pages are dynamic in nature which are support tH8QL database incorporate with

JOOMLA packages helps users to interact with wigs sisers.
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When we came to Web site content it posts numerdosmation regarding to the
objective of university which presenting infornagit on several topics and issues,
each page have information regarding to the obpcif the pages .there are few
page which are under construction( content not yptate), but there are

advertisement and notice on several pages.
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1.6.AAU Web Structure

In the following hieratical graphs displays welestructures of the official web site.

Index page ]

| | | |
| 1 ! !
% About AAU % Administration || | Student service i %
| | |
i

[ WEB mail

— AAU March Temporary links to

current issue ,notice
and advertisment

ITPhD

— Budget

Search

Figure 1 the structure of the official web site of AAU.

There are some other web sites that are accesggdter with the official web sites
like AAU march, ITPhD, college of education, IE®4titute Ethiopian Study), virtual

accessed using the main web site.
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1.7.Statement of the Problem

Rise of the Internet gave many companies an adoete ‘gold’ channel. Trading,

putting gigabytes of information and communicatmgine has become one of the
sources for understanding of the web users. Asetlieends become stronger and
stronger, there is much need to study web-usenimisao better serve the users and

increase the value of institutions or enterprises.

As statics shows the number of web sites publigheaty day is increasing quickly
still, there are now 184 million registered domammes worldwide, a 9% increase

over the same period laghr”.

On the other hand, the education sector is rapdlylving and the need for web
information Places that anticipate the needs af theormation seekers are more than
ever evident. The need of placement informationaseasily imaginable we have to
explore where should be places some informatica @given web site, in this case of
the official web site of AAU. It is important to kv the navigational behavior of the
users based on the study of the behavior. the ofestddy of any behaviors scaled up
from the taxonomy of animals ,plants and others general, further explained that

animals classified in to mammals ,vertebrates bapeah the whole group behaviors.

According to Mokenen (2001) who were working on wslage mining of the official
web site of AAU using the tools of wumprep4weka, foeprocessing or cleaning the
data and Weka tool for data mining of the intergstpattern using the aprior
algorithms finds out the most frequent accessdbatot based up the sequence, based
on his study he did not truck the general behaviassers.

Like it discussed earlier uses the sequence (giezrexiasequence pattern) can tell the
general behavior of users on navigational behavidhe user of official web site of
Addis Ababa University, and not work have been dgeton the topic as to the
knowledge of the author.

Web site design is currently based on thoroughstigations about the interests of
web site visitors and on less investigated assumgtabout their exact behavior. In

Lukas, C., (n, d) Concrete knowledge on the walors navigate in a web site could

4 http://news.softpedia.com/news/Domain-Name-Registration-Slows-Down-122419.shtml
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prevent disorientation and help owners in placingpartant information exactly

where the visitors look for it.
1.8.Scope and Limitation of the Resear ch

Web mining has different branches: web content mginiveb structure and web usage
mining .the focus of this research is on mininggespattern of AAU official web site
.usually, three types of web related log files, ejmweb access log, error log and
proxy log files. however, in this research work,bwaccess log records is used as
dataset because many literature and previous mEspastify that web access log files

is the typical source of navigational behavior.

The limitation in this paper is the lack of manoal how to operate the web mining
tools (WUM) and besides to that the web accesstoged in Addis Ababa university
are erased at the end of every months that’s wisydifficult to get a enough data for
the research, besides to that the web mining toekd to have a higher capacity

(memory) to process the whole log files as batch.
1.9.Justification of the Research

During the past few years the World Wide Web hasob® the biggest and most
popular way of communication and information diss&tion. Every day, the web
grows by roughly a million electronic pages, addioghe hundreds of millions pages

already on-line.

The importance of the study web users furtherarpt by Marya, et al, according
to him ,most web sites are set up with little knedge on the navigational behavior of
the users accessing them; Feedback on the occuravigation patterns can notably

aid site owners in efficiently organizing the wéte shey present to their visitors.

One important data source for the study is the lwgldata that traces the user's web
browsing, Just for each second, gigabytes of dat@ven more, are created by the
World Wide Web, and even automatically collected atored by the World Wide
Web, the importance of www further explained in &laset al, (2000), the web log
creates an opportunity and encouragement for @l Daning researchers, consider it

as the largest data warehouse in the world.
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In accordance with Lita, et al (2004), define Daténing “is the process of
extracting previously unknown information from (afly large quantities of) data,
which can, in the right context, lead to knowledgegther words; the concept of Data
mining in refers to the entire Knowledge Discoverpatabases process (KDD).”
This knowledge is not arbitrary; it relates to algem, the problem we want to solve.
That's why performing data mining to optimize therformance of a Web server. In
ref of Lukas, C., (n, d), the use of data mininglitecover which products are being

purchased together or to identify whether theisiteeing used as expected.

In accordance with Narendra, et al., (2003), Wehing is defined &s the use of
data mining techniques to automatically discoved a&xtract information from web
document and services.

Furthermore, there is also a widely accepted defmi According to Zalane, et al
,(1998).

Web mining” is the use of data mining techniques to extrasgful patterns from

the web. Those extracted patterns are used to weptbe structure of websites,
improve the availability of the information in tixebsites and the way those pieces
of information are introduced to the website usangd to improve data retrieval
and the quality of automatic search of informatr@sources available in the web
site is being used as expected

From the above the definitions web mining attempt get the information
(knowledge) or to extract the pattern, for the jpggs to have an intended knowledge,
so some the technigues should be applied to diffexeb resources to overcome the
problems, in ref with Mobasher et al, (1996), welbing is a common term for three
knowledge discovery domains that are concerned witiling different parts of the

web: web structure mining, web content mining, amth usage mining.

In general, User behavior has two aspects, oneecomg the interests of the users
and the information they access, the other conegriine way of accessing this

information. The first aspect is addressed by tephes for the establishment of user
profiles and is not peculiar to web usage. Forimst, student profiles are considered
in intelligent tutoring systems, the second aspeatidressed by techniques analyzing

web server logs.
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For example, consider a user that explores the linka web site to find every bit of
information of potential interest and a user thagfgrs keyword search. Those two
users need fundamentally different support, evéxotifi of them are interested in solar
energy collectors, chess and medieval sculpturehib study, concentrate on the
second aspect of user support, namely on the asalf/siser navigational behavior,
because web users is characterized by her/hisegiteand by her/his navigational

behavior.

1.10. Objectives

1.10.1. General objective

The general objective of the research is to appBb wnining techniques for
discovering of navigational behavior of AAU offitiaveb site usage of to reveal
previously unknown the interesting, and actionglaéerns based on the web access
log file in order to recommend possible measuresfdgher r improvement of the
official web site of AAU.

1.10.2. Specific objectives
To achieve the general objective of the reseahgretare specific objective should be
addressed, the specific objectives of the resesmeh
» To review literature review in the area in ordeptd concrete background and
justification for the research.
* To identify and collect the data
» To prepare those data set using different prepstogsechniques.
» To analyze the navigational behavior of the users.
* To analyze the sequence of the web site i.e. baseithe user navigational
behavior
» To interpret the interesting pattern to discovew n@owledge i.e. finding of
the research
 To draw conclusion based on the findings and ptssbplication of both
techniques for web usage pattern or navigationahber of users.

* To make some appropriate recommendations basdtarohclusions.
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1.11. Resear ch M ethods
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Figure 2:Research method flow
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1.12. Data Collection for the Study
In this study the data has been collected fronoffieial web site of the AAU, which
is normally secondary data source since web logrdscevery activity of the user

regarding to visit of the web site.

1.13. Data Selection

At present, towards web usage mining technolobg, rhain data origin has three
kinds: server data, client data and middle datax{grthe author of the paper, uses
server data that are kept in the official web eit&AU in the format of extended log

format, which is most apache server supports it.

1.14. Data preprocessing

According to olfa,et al, (n.d) , most log files &tél of junks that are insufficient,
inconsistent and including noise so the data pétrent is to carry on a unification
transformation to appropriate sets ; to have tismte there are some data cleaning

phases are important to implement.

1.15. Data Cleaning

In ref olfa,et al,(n.d), the purpose of data clegris to eliminate irrelevant items, and
these kinds of techniques are of importance fortgpg of web log analysis not only
data mining accordant to the purposes of diffemanting applications, irrelevant

records in web access log will be eliminated dudata cleaning.

In addition to the above those also include sonsses like, removing robot requests
(filtering out spiders or crawlers which are knowmngmoving duplicate requests
(removing “dust”), and Filtering relevant statusoge concepts will be described in
the Chapter Three).
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1.16. Data analysis

To address the objective of this research papterent data mining approaches have
been performed and some statistical analysis omldle set to get insight about the
web usage trends and reveal interesting navigdtipatierns from the web log

records.

1.17. Toolsfor Experiment

There are commercial and free available tools &gt according to Castellano, et
al, (2007), one of thdreely available tool for web log data preparaticalled
WUMprep which consists of a set of Perl scripts éteaning the web log file of
irrelevant and automatic requests and creatingaes it and its main purpose for
educational purpose, and Analia, et al., (2003),Wik&b utilization miner), Its
primary purpose is to analyze the navigational bhaof users in a web site,
furthermore ,Navigation pattern discovery is pearfed on the portion of the web
server log that contains the sessions.

The justification for why these tools are seledtegdiven in the chapter FOUR.

1.18. Interpret and report result
After excluding least interesting patterns from #ralysis result, those patterns that
are interesting and actionable ones have beerpmted and reported to be used for

reaching a conclusion in order to forward apprdpriracommendations.

1.19. Application of results

The hidden unknown information in log formats amgportant in understanding of
users navigational behaviors even if it is not gego know what will be the results
but some knowledge will be revealed by understandirthe general behavior of web
site users of AAU .it can be used for improving tieb site and it shows some way

for further study.
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1.20. Organization of the Thesis

This thesis organized as Six chapters ,the firsiptdr deals with the general
introduction to the research of the area in thisecahe AAU, including the
background of the Addis Ababa University in gengitadlso looks on development of
ICT, and how looks like the structure of the officiveb site, what are their main
purposes and later discusses statement of the epnpbfata collection ,data
preparation with other subtopics like, scope amitéition of the study; objective of

the study; research methods; etc.

The rest of this thesis is organized as followsaér 2 presents two main areas,

Literature review and related works regarding téeDaining and web usage mining.

Chapter 3 this chapter mainly deals with web usag navigational behavior based

on extended of the above chapter in terms of cdacep

Chapter 4 this chapter provides with methodologythis presents the researcher
points why select the tools for preprocessing &edaol for navigational behaviors in

general, research process how to achieve the olgect

Chapter 5 in this chapter the experiment conduatetidiscussed which are based up

on the methodology in the previous chapter.

Chapter 6 the last chapter, based on the expetiduere in the previous chapter, the
conclusions have been reached and recommendatibmwiaat it should be done for

the future or further work in this research area.
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CHAPTER TWO: LITERATURE REVIEW

2. Introduction

There are various definitions regarding to the eSenost common terminology in

web usage mining besides what it have been destrib the beginning of

thesis(terminology and definition), according toe thield of study the same
terminology can have different meanings.

In general, According to Lavoie, B., et al (1998¢re are different meanings by
authors in the WUM literature and W3C’s web Chagdzation Authority (W3C's

WCA).the summarize definitions are as follows.

Term W3C’'s WCA WUM Literature
User Person using a browser Login or cookie or iRI®, User
Agent)
User session Delimited user requests ou@elimited user requests on ope
multiple servers server
Visit Server session -
Episode Related user requests Related user requests

Table 1 : Terminology comparison table

2.1.Web L og Information

Since the thesis is about user navigational onaeelss using web usage mining that
is based on web server logs, it is important toeustaind what information web server

logs contain and types of log format.

A Web log is a file to which the Web server write$ormation each time a user
requests a resource from that particular site. Muag use the format of the common
log format Cooley et al., (1997a) furthermore, thase confirmed by (Lavoie, et al
(1999)the most popular log file formats (developgdhe CERN and the NCSA) are
the CommonLog Format (CLF) and an extended version of the=CCombined Log
Format, known as ECLF. In Accordanaith Berkan, y., (2002), the difference between

them is that the former does not store Referrerfsgwht information of the requests.
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According to Srikant, et al, only few fields areadable for navigational patterns
discovery, which If are added to the CLF make upgb called Extended combined
log format (supported by Apache Web Server).

2.2.Types of Log Format

Besides the above, the types of log formats carabegorizedinto four; those are Common,
extended, cookie and MS-IIS.

I.  Common: The Common log contains the requested resand a few other
pieces of information, but does not contain referuser agent, or cookie
information. The information is contained in a $&dle. The example is as

follows:

pi casso. wi Wi . hu-berlin.de - - [10/Dec/1999: 23: 06: 31 +0200]
"GET /index.htm HTTP/1.0" 200 3540

II.  Extended: An extended combined log format is aeresibn of the Common
log format. The Combined format contains the samf@rination as the
Common log format plushree (optional) additional fields: the referradld,
the user agent field, and the cookie field. Example as follows:

pi casso. wiwi . hu-berlin.de - - [210/Dec/1999:23:06:31 +0200] "GET
/i ndex. ht m HTTP/ 1. 0" 200 3540 "http://ww. berlin.de/"
"Mozillal/3.01 (Wn95; 1)"

[ll.  Cookie: Cookies take the form KEY = VALUE. Multipleookie key-value
pairs are delineated by semicoldns

pi casso. wiwi . hu-berlin.de - - [10/Dec/1999:23:06:31 +0200] "GET
/i ndex. ht m HTTP/ 1. 0" 200 3540 "http://ww.berlin.de/"
"Mozilla/3.01 (Wn95; 1)" "Visitorl D=10001; Sessionl D=20001"

> http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format
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IV.  MS-IIS: Kind of log format stores at server side of the Mdgoft web server

which normally known as MS-I1IS.

pi casso. wi Wi . hu-berlin.de, -, 10.12.99, 23:06:31, WSVC2, WW
100. 100. 100. 100, 547, 444, 0, 200, O, CET, /index.htm,6 -,

2.3.Contents of Log For mat

most apache formats are NCS%®mbined log format , Here are aingle format
example entry of the log file , is shown in An gn stored as one long line of ASCII

text, separated by tabs and spaces, based ona(Berk2002 ) (Cooley et al., 1997a).

66.249. 67.111--[ 12/ Dec/ 2010: 04: 26: 46+0300] " GET

/i ndex. php/ conponent / event s/ vi ew_week/ 1995/ 04/ 03 HTTP/ 1. 1" 200
28776 "-""Mbdzillal5.0(conpati bl e; Googl ebot /2. 1;

+ht t p: / / ww. googl e. coml bot . htm )"

The details of the fields in the entry are givernha following section.
Address

66.249.67.111

This is the address of the computer making the HiiékRiest. The server records the
IP and then, if configured, will look up the Domaikame Server (DNS) for its
FQDN.

RFC931 (Or Identification) :

Rarely used, the field was designed to identifyrdguestor. If this information is not

recorded, a hyphen (-) holds the column in the log.

Authuser:

® http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format
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List the authenticated user, if required for acc@sss authentication is sent via clear

text, so it is not really intended for security.igfield is usually filled by a hyphen.

Time Stamp :

[12/ Dec/ 2010: 04: 26: 46 +0300] [01/Nov/2001:21:56:52 +0200]

The date, time, and offset from Greenwich Mean T{@MT x 100) are recorded for
each hit. The date and time format is: DD/Mon/YY¥:MM: SS.

The example above shows that the transaction wesrded at04:26:46 on
12/ Dec/ 2010 at a location 3 hours forward GMT. By comparing dirstamps
between entries, it can also determine how lonigitovy spent on a given page that is
also used as a heuristic in determining sessions.

Target:

“GET /i ndex. php/ conponent / event s/ vi ew_week/ 1995/ 04/ 03
HTTP/ 1. 1"

One of three types of HTTP requests is recordethénlog. GET is the standard
request for a document or program. POST tells thees that data is following.
HEAD is used by link checking programs, not browseand downloads just the
information in the HEAD tag information. The spéciievel of HTTP protocol is also
recorded.

Status Code::

200
There are four classes of codes regarding to
1. Success (200 series)
2. Redirect (300 series)
3. Failure (400 series)
4. Server Error (500 series)
Transfer Volume:
1749
For GET HTTP transactions, the last field is thenber of bytes transferred. For

other commands this field will be a hyphen (-) @eso (0).
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The transfer volume statistic marks the end ofdabmmon log file. The remaining
fields make up the referrer and agent logs, addeéde common log format to create
the “extended” log file format. Let’s look at thefselds.

Referrer URL:

http://www.cs.bilkent.edu.tr/guvenir

The referrer URL indicates the page where thearisitas located when making the
next request.

User Agent:

Mozilla/4.0 (compatible; MSIE 5.5; Windows 95)
The user agent stores information about the broqwsesion, and operating system of
the reader. The general format is: Browser namessime (operating system)

2.4.0verview and Motivation of Data Mining

Data mining according Sulu, (2003), has emergednasof the most is exciting and
dynamic fields in computer science and softwardrergging. The term “data mining
“and “knowledge discovery in data base “or KDD aften used synonymously.
Knowledge discovery in data base is the processdenftifying valid, novel,

potentially useful, and ultimately understandaldégerns models in data.

Data mining is a step in, knowledge discovery pssceonsisting of particular data
mining algorithms that, under some acceptable caatipmal efficiency limitations,

finds patterns or model in data. Simply statedadatning refers to the process of
extracting previously unknown, valid and potengialiseful knowledge from data.
Similar to the above definition, according to 1&20Q5), refers as Data mining is

defined as the process of discovering patterngia.d

Another definition is that data mining is a vayiaif techniques used to identify
valuable of information or decision-making knowleddgn bodies of data, and
extracting these in such a way that they can begusse in areas such as decision
support, prediction, forecasting; and estimatiome Tata is often voluminous but, as
it stands, of low value as no direct can be madi df is the hidden information in
the data that is useful. For this reason data mirsroften referred to as “secondary”

data analysis.
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2.5.Limitations of Data Mining

While data mining products can be very powerfullgpthey are not self sufficient
applications. To be successful, data mining regusidlled technical and analytical
specialists who can structure the analysis andpree the output that is created.
Consequently, the limitations of data mining arenarily data or personnel related,

rather than technology-related.

Although data mining can help reveal patterns adtionships, it does not tell the
user the value or significance of these patterhes@ types of determinations must be
made by the user. Similarly, the validity of thetpens discovered is dependent on
how they compare to “real world” circumstances. Example, to assess the validity
of a data mining application designed to identibggmtial terrorist suspects in a large
pool of individuals, the user may test the modehgislata that includes information
about known terrorists. However, while possiblyaférming a particular profile, it
does not necessarily mean that the applicationigélhtify a suspect whose behavior

significantly deviates from the original model.

Another limitation, according to Brendit, (2011) d&ta mining is that while it can
identify connections between behaviors and/or Wdem it does not necessarily
identify a causal relationship. For example, anliagppon may identify that a pattern
of behavior, such as the propensity to purchadmaitickets just shortly before the
flight is scheduled to depart, is related to chimastics such as income, level of
education, and Internet use. However, that does@wdssarily indicate that the ticket

purchasing behavior is caused by one or more skthariables.

In fact, the Individual’'s behavior could be affedtby some additional variable(s)
such as occupation (the need to make trips on staiite), family status (a sick
relative needing care), or a hobby (taking advamtafglast minute discounts to visit

new destinations).
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2.6.Data Mining Approaches

It have mentioned earlier that the web usage mirgnge application of data mining
.those Data mining have two approaches accordirfgrendit,2011), the approaches

is between undirected and directed data mininghBudescribe it like this:

"There are two styles of data mining. Directed dati@ing is a top-down approach,
used when we know what we are looking for. Thsnaitkes the form of predictive
modeling, where we know exactly what we want tdipteUndirected data mining
is a bottom-up approach that lets the data speakt$elf. Undirected data mining
finds patterns in the data and leaves it up to uer to determine whether or not

these patterns are importaht

But, there are no generally applicable rules on data mining should be performed,
» decision trees as a technique for prediction,
* neural networks as a technique for prediction,
* Navigation patterns in WUM as a query-directed teghe for pattern

detection.

2.7.Sour ces of Data for Web Usage Mining

Data that can be used for Web usage mining carolbected at one of these three
parts and thus we talk in ref with Berkan, y. (20@# those is:
* Server level collection:
The server stores data regardin@qUESES performed by the client, thus data
regard generally just one source;
* Client level collection:
It is the client itself which sends to a repositorformation regarding the user's
behavior (this can be done either with an ad-h@evbing application or through
client-side applications running on standard brog)se
* Proxy level collection:
Information is stored at the proxy side, thus Weakbadegards several Websites,

but only users whose Web clients pass through ritweyp
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2.8. Taxonomy of Web Mining

In ref Bamshad et al ,(n.gyveb mining are classified in three main areas giga
web content miningweb structure mining and web usage mining ,thaildef those

will be discussed in the followinsection 2.8.1.

N

web mining

[ | T |
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5 I web content mining i web structure mining

web usage mining

web page content
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i searching mining ) 1 ] ) 1 )

( |
: Customize )
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General Access
Pattern

Tracking Web Log
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Figure 3: Taxonomy of Web mining,

2.8.1. Web Usage Mining: WUM

Web usage mining can also be defined as the apiphcaf data mining techniques
discover user web navigation patterns from web sxZalane et al,(1998), in
addition to that, generalized definition accordatzdBerkan,(2002) The aim of ¢
general web usage mining system is to discoverrgebehavior and patterns frc
the log files by adapting w-known data mining techniques or new approa
proposed

the sources of the data for web usage mining acenskry data as pviously
discussed such as web server access logs, broager,user profiles ,registrati
data, user sessions or transactions and othekeunfliweb structure and web cont
which uses primary dat&urthermore, has advantage, accordingGauHui et al ,
(2008 ),to enhance the usability of the web information apgly the technology 1
the web application, For instance, -fetching and caching, personalization, tal

advertisement, improving web design, improvingsfattion of customer, gLing the
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strategy decision of the enterprise, and markedinglysis etc, in addition there are
also more goals Lita,et al (2004), includes ,
» The improvement of site design and structure,
» The generation of dynamic recommendations,
* And improving marketing
Finally, according to Jaideep, et al., (n.d) generalizedets usage mining focuses on

techniques to search for patterns in the user behaten navigating the web.

2.8.2. Web Structure Mining: WSM

The category of structure mining, according toal&r(2000),structure is defined by
"hyperlinks between pages and HTML formatting comds within a page” but
further explained by Lita, et al (2004), Accordit@ him, structure mining which
focuses on link information. It aims to analyze thay in which different web
documents are linked together, mining the link ctiee aims at developing
techniques to take advantage of the collective losiun of web pages’ quality which
is available in the form of hyperlinks Henri et, §2000), where links on the web can

be viewed as a mechanism of implicit support.
2.8.3. Web Content Mining: WCM

Web content mining is a research field focusedhendevelopment of techniques to
assist a user in finding web documents that memriain criterion. The contents of
most of the web pages are texts. According to tksif2000), graphics tables, data
blocks and data records are also kind of contewtl page can have so that web
content mining issues for the of improving the teorts of the web pages, improving
the way they are introduced to the website usepraming the quality of search

results, and extracting interesting web page casten
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2.9.Techniques of Web Usage Mining

It is very difficult to classify a specific technig for web usage mining; techniques
are combined together in discovering web usagengjriut In general the techniques

applied to web usage can classified according tadbad et al ,(n.d)), are:
Statistical Analysis

Statistical techniques are the most common methodextract knowledge about
visitors to a web site. By different kinds of ggéical analysis (frequency ,median
,mean ,etc ) of the session file ,one can extratisical information such as the most
frequently accessed pages ,average view time dige jpr average length of path
through a site .According to Federico et al (200@®,kind of analysis is performed
by many tools, available also for free, and its &rno give a description of the traffic
on a Web site, like Most visited pages, averaghy dis, etc.

In reference with Bamshad. et al ,(n.d), generdlizs this kind of analysis is
performed by many tools, available also for frew] @s aim is to give a description of

the traffic on a Web site, like most visited pageg&rage daily hits, etc.;
Association Rules

Association rules capture the relationships amteggs based on their patterns of co-
occurrence across transactions .Given a set gfdcdions, where each transaction is a
set of items, an association rule is an expressidghe form X=>Y, where X and Y
are sets of items such that no item appears mare adhce in X u Y. the intuitive
meaning of such a rule is that transactions indédtabase which contain the items in
X tend to also contain the item in Y. According Maja (2011), two common
numeric quantifies how often the items in X and ¥cur together in the same
transaction as fraction of the total number of $eations.

In the ref Kobra (n.d)), describes the associatioles in context of web usage
mining, refers to sets of pages that are accesggdhter with support value exceeding
some specified threshold.

Furthermore explained, in Federico et al (200®)learly indicates that these pages

(sets of pages) may not be directly connected ® amother via hyperlinks. For
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example, using association rule discovery techrigue can find correlations such as
following.
» 40% of users visit the web page with URL/home/paged the web
page with URL/home/page2 in same user session.
» 30% of users, who accessed the web page with URiéhmroducts,
also accessed /home/products/computers.
According to Bamshad et al ,(n.d)), generalizethasmain idea is to consider every
URL requested by a user in a visit as basket diaian) and to discover relationships

with a minimum support level between them.

Sequential Patterns

This discovers frequent subsequences as patterss Sequence data base, in an
important data mining problem with broad applicasipincluding the analysis of
customer purchase behavior, web access patterigsitiSsc experiments, disease
treatments and so on. According to (Kobra,E.,jn8¢quential pattern mining finds
all of the frequent subsequences, i.e., and thesesulences whose occurrence
frequency in the set of sequences is no less thansopport.
In web server logs, a visit of a user is recordeetr @ period of time .a time stamp can
be attached either to the user session or to tHwidlual page requests of user
sessions .By analyzing this information with sediadpattern discovery methods, the
web mining system can determine temporal relatipsshmong data items such as
the following:
> 30% of users who visited /home/products/dvd/moviead visited
/home/products/games with in the past week.
> 40% of users request the page with URL /home/prséimonitors
after visiting the page /home/products/computers.
In ref with Bamshad et al, (n.d)), generalized #teempt of this technique is to
discover time ordered sequences of URLs followegést users, in order to predict

future ones.
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Clustering

According to Kobra (n.d)), clustering is a techuggo group together a set of items
having similar characteristics .in the web usagenaa, there are three kinds of
interesting clusters to be discovered: session clusters;"@iser clusters; '$page
clusters.

Session clustering implementation allows clustehgiser sessions in which users
have similar access patterns. Clustering of usardst to establish groups of users
exhibiting similar browsing patterns. In ref (Cdsteo, G., et al , 2007 ), Page
clustering can be partitioned into two methods. fitst is to cluster pages according
to their contents .For this method an analysidiefdontent of web site is needed .the
second method computes clusters of page referdrasesi on how often they occur

together.

In ref with Robert, C., et al, (1997), generaliz=dmeaningful clusters of URLs can
be created by discovering similar characteristiesveen them according to user’'s

behaviors.

Classification
Classification is the task of mapping a data iteto bne of several predefined classes
Robert et al, (1997), In the Web domain, and orieteyested in developing a profile
of users belonging to a particular class or categdhis requires extraction and
selection of features that best describe the ptieigeof a given class or category.
Classification can be done by using Maja, (2011)pesvised inductive learning
algorithms such as decision tree classifiers, ndayesian classifiers, k-nearest
neighbor classifiers, Support Vector Machines Ets.example, classification on
server logs may lead to the discovery of intergstirles such as:

» 30% of users who placed an online order in /Prdducdic are in the 18-

25 age groups and live on the West Coast
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2.10. Related works

Data mining techniques are not easily applicabl®/eb data due to problems both
related with the technology underlying the Web dhd lack of standards in the
design and implementation of Web pages. Web usagmgnis a research field that
focuses on the development of techniques and toosdudy users’ web navigation

behavior.

2.10.1. Related Workson the Tools

The “WEBMINER” tool of (Bamshad.m. et al, (n.d)jopides a query language on
top of external mining software for associationesuland for sequential patterns.
However, the expressiveness of the language isiatest by the input parameters
acceptable by the miner to the best of our knowdedgrrent miners do not support
generic specifications on the structure of theepatt to be discovered, e.g. page

revisits, cycles etc.

The other related works on tools on SpeedTracerpiling to Ballman, et al (1997),
SpeedTracer is a web usage mining and analysiswbih tracks user browsing
patterns, generating reports to help Webmasteretimer web site structure and
navigation. SpeedTracer makes use of Referrer agdntAinformation in the

preprocessing routines to identify users and sesessions in the absence of
additional client side information. The applicatiamses innovative inference

algorithms to reconstruct user traversal pathsidewatify user sessions

Advanced mining algorithms uncover users' moventlerugh a web site. The end
result is collections of valuable browsing patterthst help Webmaster better
understand user behavior. Further explained irptper that generates three types of
statistics: user-based, path-based and group-badedr-based statistics point
reference counts by user and durations of accesth-lRased statistics identify
frequent traversal paths in web presentations. (Bbmsed statistics provide

information on groups of web site pages most fratyeisited.
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2.10.2. Navigation Pattern Discovery Tools

There are some web usage miner tools which carsée to the navigational pattern
discovery for web user behavior of the web sitepading to Bettina, et al (1999), the
two most important tools for navigation pattern,dv8DAS, and WUM tools. The
main difference between them are MiDAS designeti tie demands of e-commerce
application in mind and its commercial products welas, Carsten et al(2000) the
WUM are free source web utilization miners, buthbof them are equipped with a
mining language.

According to Sulu (2003), the query processor @®iporated to the miner in order to
specify characteristics of discovered paths tha mmteresting to the analyst.
Incorporating the mining language early in the mgnprocess allows the construction
only of patterns that have the desired characierishile irrelevant pattern are
removed. However, no performance studies were tepp@nd the use of query langue
to find patterns with predefined characteristicsymarevent the user finding
unexpected patterns.

The number of tools and their application a lotwairks are done because of it is
broad research activity and also the extensiveotifee WWW, most widely tools are
summarized as by Jaideep, et al (n.d)) ,followshwtheir Applications namely

General , Business ,site modification Charactdonadnd personalization.
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Project APPLICATION DATA Source DATA Pe User Site
FOCUS Serves Proxy CliefiStructure | ContentUsag | prof | single | multi single | multi
e ile
WebSIFT General X X X X X X
SpeedTracer General X X X X
N R N N Y S O I L
Shahabi General X X X
Site Helper Personalization X X X X X
Letizia Personalization X X X X
Web Watcher | Personalization X X X X X X
Krishnapuram | Personalization X X X X
Analog Personalization X X X X
Mobasher Personalization X X X X X
Tuzhilin Business X X X X
SurfAid Business X X X X X
Buchner Business X X X X X
WebTrends,Hitlis | Business X X X X
,Accurue,etc
WebLogminer | Business X X X X
PageGather,Sfl: Site Modification X X X X X X
" The WUM(web utilization miner ) are going to implement for web usage navigational pattern in the paper
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ML

Manley Characterization X X X X X
Arlitt Characterization X X X X X
Pitkow Characterization X X X X X X
Almedia Characterization X X X X
Rexford System Improve X X X X

Schecher System Improve X X X

Aggarwal System Improve X X X

User Navigational Behavior

Table 2 :Web usage mining research projects ardupts.

Page 41




2.10.3. Related worksin Advances Web Usage Mining

Web usage mining encompasses studies in which letlgel is obtained through the
analysis of web usage. This covers correlationsrgmaroducts or web pages, market
segmentation on the basis of user demographicart@cests, as well as analysis of a
site’s success.

In Abhishek et al (2011), correlated but not linkee&b pages are discovered by
clustering pages requested together by the siisitors. This approach can be used to
construct dynamic web pages automatically that igdeJinks to pages considered
relevant by earlier visitors Pierre, B., et al, &R

In the SurfAID project, a warehouse over web usdga is established and time series
analysis is combined with association rules to alisc unexpectedly evolving
correlations among products (Abhishek, et al, 20afpose the establishment of a
warehouse, in which web usage data are combinet wiistomer data, concept
hierarchies on page contents and user demograpisiegll as enterprise knowledge, e.g.
in the form of previously discoveredles Myra,S., & Lukas C. (n.d). . Althougrser
activities form the basis of these types of analysie issue of improving the site itself is

not addressed.

The discovery of web usage patterns with conveatiamning techniques is proposed in
Tianyi, (1995), discover frequently accessed pathapplying a methodology similar to
the discovery of association rules organize URIluests into user sessions Bamshad et al
,(n.d)) and then apply association rule discoveng a&equence mining to extract
correlations among pages Berendt, et al,(2@@0pose a similar approach for mining
frequent traversal paths and groups of most fretfpensited pages Masseglia,et
al,(n.d),Contribute an approach for mining dynamndigtabases more efficiently for
sequences. However, In Carsten et al., (2000%sitdean shown that conventional mining
algorithms are not appropriate for the discoverweb usage patterns, because
v' Modeling navigation patterns as associations owueeces oversimplifies the
problem and
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v Statistical measures like frequency of accesstaoesimple for navigation
pattern discovery.

The different conception of navigation patternswestn WUM and other sequence
miners is due to the fact that they concentratpaiterns that reflect correlations among
events (here: page accesses).

WUM focuses rather on depicting and exploiting tlaeigation behavior of user groups,
in order to improve the web site accordingly. Qustfresults have shown that the model
of navigation patterns is appropriate in this cehtéarsten et al (2000), but also that it
must be accompanied by a model that measures gdves success and by a procedure
for the mining process. In this study, we preséet ¢complete framework of modeling

success and navigation behavior and combiningibed improve the success of a site.

Also apply OLAP technology to analyze web usage afyfn.d), for e-commerce
applications. The data of interest in this contextude not only web logs, but also a
concept hierarchy, background knowledge of the gxpe well as previously discovered
results. The study reveals the importance of edagtally capturing and exploiting data
from multiple sources in order to perform web usageing. However, the work presents

no results on how those different information asse¢ combined during analysis.

The miner proposed in Navin, et al (20H)covers statistically dominant paths using a
methodology for the discovery of association ruldewever, the assumptions made on
building those paths are rather over-restrictiva. iRstance, visitors of a web page do not
usually visitall children of this page, with the exception of certapplication domains

like electronically available course material.

The association rules target goal that on discogeall frequent patterns among the
transactions, the problem originally initiated B\g(awal et al) and is based on detecting
frequent item sets in the market basket. But in ¢batext of web usage mining,
association rules refer to set of page that aressea together. Usually these rules should

have a minimum support and confidence to be valid.

Further explained in Enrique et al (2000), The Apralgorithm is widely accepted to
solve this problem. Association rules can be usedetstructure a web site, to find
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shortcuts, an application especially useful foraleiss devices or to prefetch web pages to
reduce the final latency the data used to obta&iquent patterns in a web mining problem
has a very important characteristic: it is seq@niihe user accesses a set of pages in a
given order and it is very important to capturestbrder in the final model obtained.
Unfortunately, the two previous methods lack anydkof representation of this order.
Clustering identifies groups of pages that are ssm@ together without storing any

information about the sequence.

Association rules indicate the miner proposed ne of the earliest works in this are
discovers statistically dominant paths using a wddthogy for discovers statistically
dominant paths using a methodology for the disgowéra web site association rules.
The “Foot prints “ tool of records the footpririft behind by web site visitors and
accumulates them into frequently accessed paths. “PageGather” tool of uses a
clustering methodology to discover web pages dsitgether and to place them in the

same group.
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CHAPTER THREE: WEB USAGE MINING AND
NAVEGATIONAL PATTERN

3. Introduction

Web usage mining is application of data mining teghes to discover user access
patterns from web data. Web usage data capturesmweising behavior of users from a

web site. Web usage mining can be classified acogto kinds of usage data examined.
In our context, the usage data is Access logs oresaide, which keeps information

about user navigation. Further explained in Suly(2B03), Web usage mining is the
process of identifying representative trends armavbing patterns describing the activity
in the web site, by analyzing the users’ behawdeb site administrators can then use
this information to redesign or customize the wéb according to the interests and

behavior of its visitors, or improve the performaraf their systems.

3.1. The General Process of Web Usage Mining

Today, understanding the interests of users isrhgrpa fundamental need for Web sites
owners in order to better serve their visitors bgkmg adaptive the content and usage,
structure of the site to their preferences. Thdyaisof Web log files permits to identify
useful patterns of the browsing behavior of usergkvcan be exploited in the process of
navigational behavior.

As it have mentioned earlier , Web Usage MinindJM) is the process of knowledge
discovery and analysis of Knowledge from World Widleb, represents a rather recent
research field devoted to discover behavioral pagtdom Web usage data.

As in Zalane et al (1998), the general processe&/dM distinguish three main steps:
data preprocessing, pattern discovery and pattealysis.
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Figure 4: High Level Web Usage Mining Process Jaideep, et al (n.d), page 4

3.2.Data collection

Data for web usage mining can be collected at sé\@rels. According to Kerkhofs et al

(2001), may be faced with data from a Single uses multitude of them on one hand

and a single site or a multitude of sites .The sdamay of data collection is on the Web

server level. These servers explicitly log all usehavior in a more or less standardized

fashion. It generates a chronological stream obti@sts that come from multiple users

visiting a specific site, but according to Briamd,al ,(2005) can be the collection of the

data for web usage mining most commonly from:

* The web usage data includes data from web sereesadog, proxy server

* Logs, browser logs, user profiles, registratioragdabokies, and user queries.

Besides to the major sources of the data which haametioned above but, there are also

some other resources for web usage mining. AccgrtbhnCastellano, et al (2007) the

following can be the source of the data.

 E-commerce and product-oriented user events (dgppsng cart changes, ad or
product click-through, etc.)

« Meta-data, page attributes page content, sitetateic
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A different researchers uses different collectiomsr a time for web usage analysis in
accordance with Berkan, vy.,(2002), were collectedd period of two weeks for Logs

Preprocessing and Sequential Pattern Extractidm vatv Support.

3.3.Data pre-processing

In ref with Dipa, (2010), Data pre-processing is immportant step in the knowledge
discovery process, because quality decisions asedban quality data, more ever, this
idea of importance of preprocessing steps disaussiaji, et al, (2007), emphasis on
fundamental role in achieving meaningful and rdéabesults from WUM process,

without effective preprocessing the results obi@iwél have negative impact on the next

steps of the process (pattern discovery and padteatysis.

It is important to understand that the quality diata key issue when we are going to
mining from it. In ref with Suneetha et al (2009garly 80% of mining efforts often
spend to improve the quality of data, furthermane, attributes that we can look for in
quality data includes accuracy, completeness, stargy, timeliness, believability,

interpretability and accessibility.

3.4.Tools of Preprocessing

Most existing tools provide mechanism for reportuger activity in the servers and
various forms of data filtering. By using thesel$paletermination of the number of
accesses to the server and to individual files,trpopular pages, the domain name and
URL of the users who visited the site can be sqlMaat not adequate for many
applications ,Furthermore, In ref Cooley et al991a) the administrator of a system has
an access to the server log. However, the patfesiteousage cannot be analyzed without
the use of a tool. Therefore, Data Mining methamihd ease the System Administrator
to mine the usage patterns of a particular sitees&€htools have no ability in-depth

analysis and also their Performance is not enoaghudge volume of data.

Researchers have shown that the log files contdticad and valuable information that
must be taken out. It makes web usage mining a lpappesearch area for many

applications in the recent years.
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There are commercial and free available toolsearsts ,according to Castellano, et al
(2007 ),one of the freely available tool for welg Idata preparation called WUMPrep
which consists of a set of Perl scripts for clegnihe web log file of irrelevant and

automatic requests and creating sessions in it i@snanain purpose for educational
purpose. According to Dipa, (2010), the other op®urce preprocessing tools are
WUMprep4Weka; those tools are designed to work WitBKA, unlike of WUMprep

which designed to use with WUM (web utilization mi

According to Castellano et al, (2007), there amnmmercial preprocessing tools but the
most common tools on tare LODAP (Log Data Prepremgsand EasyMiner, the later

developed by MINEit software Itd, both of them dgmd to understand the most
common log file formats .they designed to take trpg files related to a Web site and
outputs a database containing some statistics apageés visited by users and the
identified user sessions. The preprocessing ofilegis aimed to the preparation of Web
data in order to mine significant usage pattern&ep feature of LODAP is the wizard-

based interface that guides the user during therpeessing of the log data.

3.5. Data Cleaning

First of all, irrelevant data should be removeddduce the search space and to bias the
result Space. Since the intention is to identifgrusessions, build up out of page views,
not all hits in a Log file are necessary. Since ViEpfiles record all user interactions,
they represent a huge and noisy source of datan afomprising a high number of
unnecessary records.

According to Castellano et al, (2007), the daéaing is intended to clean Web log data
by deleting irrelevant and useless records in otdeetain only usage data that can be
effectively exploited to recognize users’ navigatibbehavior.
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3.6. Removing Unnecessary Records

According to Enrique et al ,(2000), there are tvwadk of records are unnecessary and
should be removed: firstly the records of graphitdeos and the format information The
records have filename suffixes of GIF,JPEG, CS8,sanon, which can found in the URI
field of the every record; In ref Mohd, et al , (®0),For example, by filtering out image
requests, the size of Web server log files reducdelss than 50% of their original size
Secondly, the records with the failed HTTP statdeg by examining the Status field of
every record in the web access log, the records stdtus codes over 299 or under 200
are removed. It should be pointed out that diffefemm most other researches, records
having value of POST or HEAD in the Method fielde aeserved in present study for

acquiring more accurate referrer information.

3.7. Types of Robots

In a number of literatures there many types of telimut according to brendit, (2011),
two types of robots can be distinguished (categd)ias:ethical robots and 'unethical
robots'.

Ethical robots take by the "netiquette(interneesiifor robots" or : Before they access
any page of a site, they access the file robotmtrtder to see what they are allowed to
visit and index, and what not. Furthermore expldine that, ethical robots have two
effects: First, they show their "robot identity'hdasecond, they only access pages they
are allowed to see. Unethical robots don't do iy may not even access robots.txt.

There are ways to detect whether it's a robot arbased on requests to the web server,
according to Jose et al., (2007); two subsequenterss for the same URL are collapsed
into one if the time between the requests did naeed a threshold, e.g., 5 s. This
threshold can be longer than that for robots bexa@uperson needs more time than a
program to make a renewed request. But AccordingifRa al, (2009) the most widely
accepted threshold for of 2 seconds between twsemutive requests the entries that
corresponds to robots can be eliminated.
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Exclusion of robots

The most important step of data cleaning was thewal of robot accesses from the log
data. According Castellano et al, (2007), the t&ohot’ to refer to any programmable
software agent that does not access a site integhct Furthermore, explained in the
paper, these requests can mislead the analyst)detaese sequences do not reflect the

way human visitors navigate the site.

In ref Berkan, (2002), Requests originated by Webots. Log files may contain a
number of records corresponding to requests otiggthy Web robots. Web robots (also
known as Web crawlers or Web spiders) are progrdras automatically download

complete Web sites by following every hyperlinkerery page within the site in order to
update the index of search engine. Requests crégtdtieb robots are not considered
usage data and, consequently, have to be remoweidemtify web robots’ requests, the

data cleaning module implements two different rstios.

Firstly, all records containing the name “robots.ir the requestedADIS International
Conference Applied Computing 2007 resource namelLjl#re identified and straightly

removed.

The second heuristic is based on the fact thatithelers retrieve pages in an automatic
and exhaustive manner, so they are characterizec lwery high browsing speed
(intended as total number of pages visited/totaétspent to visit those pages).

Hence, for each different IP address we calcula¢ebrowsing speed and all requests
with this value exceeding a threshold (pages/secaralregarded as made by robots and
are consequently removed. The value of the thrdslokstablished by analyzing the

browser behavior arising from the considered ltgsfi
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3.8. User and Session | dentification

Once the web log file is processed and all théewiant entries have been removed, it is
necessary to identify the users that visit to tite. sSThe task of user and session
identification is found out the different user sess from the original web access log. In
ref (Rajni, P., et al 2009), User’s identificatiam to identify who access web site and
which pages are accessed.

But this task is not easy because few web sitat ukes authentication to access the
resource so the web records, only records theovisithost and user agent. Further
explained by Castellano et al,(2007), the problemidentify the user identification

getting worst because different visitors sharirgy game host cannot be distinguished. In
addition to that, if proxy servers are used, tr@bf@m becomes even more sensitive. The
only way to identify a user in ref Rajni, (2009) tse Cookies or authentication

mechanisms make the identification of a visitor Siiole, but are undesirable due to

privacy concerns.

The goal of session identification is to divide fage accesses of each user at a time into
individual sessions. A session is a series of waep user browse in a single access, or
according to Castellano et al, (2007), A sessiomasle up of all the visited pages by a
user, the technique is based on establishing attineshold, so if two access take more
than the fixed time thresholds, it is considere@ a&w session, most accepted threshold
of 30 minutes or 1800sec but according to Jose al ef2007), threshold of most
commercial products establish a threshold of 25rtutas.

3.9. Applications of Web Usage Mining

The general goal of Web Usage Mining is to gathégresting information about users
navigation patterns (i.e., to characterize web g)sérhis information can be exploited
later to improve the web site from the users’ viewmp The results produced by the
mining of web logs can use for various purpases

» To personalize the delivery of web content;

* To improve user navigation through prefetching eaching

* To improve web design; or in e-commerce sites.
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» To improve the customer satisfaction

Per sonalization of web content

Web Usage Mining techniques can be used to prguédsonalized web user experience.
For instance, it is possible to anticipate, in ta@ak, the user behavior by comparing the
current navigation pattern with typical patternsahhwere extracted from past web log.
In this area, recommendation systems are the nosstnon application; their aim is to

recommend interesting links to products which cdugdinteresting to users (Federico et

al, 2000), Personalized Site Maps are an exampiecoinmendation system for links.

Prefetching and Caching

The results produced by Web Usage Mining can beloggd to improve the
performance of web servers and web-based applnsatlaikas, (n, d), further explained
that Typically, Web Usage Mining can be used twettgp proper prefetching and
caching strategies so as to reduce the servernsspione.

Support to the Design

Usability is one of the major issues in the desigd implementation of web sites. The
results produced by Web Usage Mining techniquespcavide guidelines for improving
the design of web applicationdJses output to evaluate the organization and the
efficiency of web sites from the users’ viewpoiAcording to Federico et al (2000),
Exploits,Web Usage mining techniques to suggesperanodifications to web site.
Adaptive Web sites represents a further step.ifndhse, the content and the structure of
the web site can be dynamically reorganized acogrth the data mined from the users’
behavior.

E-commerce

Mining business intelligence from web usage datadrsmatically important for e-

commerce web-based companies. in ref with (Suly2@3). Customer Relationship
Management (CRM) can have an effective advantage the use of Web Usage Mining
techniques. In this case, the focus is on busispegific issues such as: customer

attraction, customer retention, cross sales, astbmer departure.
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3.10. Navigational Pattern and Sequence

According to Lukas (n, d)sequencas an ordered list of items, in our case Web pages,
ordered by time of access. In the pioneering wdrlseguence mining is defined as
follows: “Given is a collection of transactions erdd in time, where each transaction
contains a set of items”.

The goal is to discover sequences of maximal lettggh appear more frequently than a
given percentage threshold over the whole collaecticA frequent sequence is
“maximal,” if no sequence containing it is als@duent. If we instruct the miner to find

only maximal frequent sequences, we obtain fewdmaare compact results.

In the ref Berendt et al, 2000, the definition bétsequence mining problem has an
implication: The items constituting a frequent seaee did not necessarily occur
adjacently. They just appear in many data recondshe same order. This is often
desirable: When we investigate the causes of matufag errors, we only want the

sequences containing error and cause, not the mamts in between. The same is true

when we search for operating system signals.

Comparison of GSP and AprioriAll
According to Murat et al (n.b)),On the synthetidad®ts, GSP was between 30% to 5

times faster than AprioriAll, with the performangap often increasing at low levels of
minimum support. The results were similar on thee¢hcustomer datasets, with GSP
running 2 to 20 times faster than AprioriAll. Theaee two main reasons why GSP does
better than AprioriAll.
* GSP counts fewer candidates than AprioriAll.
» AprioriAll has to first find which frequent item teare present in each element of
a data-sequence during the data transformation,ttzerd find which candidate
sequences are present in it. This is typically seha¢ slower than directly
finding the candidate sequences.
GSP, a new algorithm that discovers these genethkequential patterns and has the
following advantages for example.
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« Empirical evaluation using synthetic and real-titga indicates that GSP is much
faster than the Apriori.

o All algorithms presented in GSP scales linearlyhwihe number of data
sequences, and have very good scale up properiiesegpect to the average

data-sequence size.

Output: A set of navigation patterns.
1. Generate the set of All gSequences by travetbmdg\ggregated Log:

a) For each order-preserving sequence of nodes <nl:; ; nk>inabranch product

i. The web page referred to in ni satisfies thpeti predicates for variable vi.
ii. The position of ni in the sequence is allovisdthe template.
ili. The occurrence number in ni is permitted var
then add d to All gSequences.
2. Construct the navigation pattern for each g-eage d in All gSequences:
a) Compare d with the g-(sub)sequences alreadlyeirset Tested gSequences 3
test if it can be rejected without building thesigation pattern.
b) If d is not rejected, construct the navigatiattern for it:
i. Find all branches of the Aggregated Log thatfoom to d.
ii. Merge at each element of d.
iii. Compute the supports of the nodes producethbyging.
iv. Test the C predicates against the navigatettem.
v. If d is rejected
then store the smallest prefix that caused thectieje in the set Tested gSequenc
marking it as R(ejected).
else store d in Tested gSequences, marking itlas&gsful).

c) If d is not rejected, then output its navigatpaitern.

11%

ind

Figure 5: The mining Algorithms of WUM
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3.11. Navigation Patterns and I mportant to Discover

Navigation pattern can be defined as a graph lagitiording to a pattern descriptor.
Obviously, the patterns to be discovered must lserdeed according to more general
criteria. In particular, Murat et al (n.b)), we ndeea way of specifying the
“interestingness” of navigation patterns, as sulyely conceived by the mining expert.
We suggest that, informally, “interestingness" isgecification concerning given an
“interestingness descriptor”, it must build all Gmmant navigation patterns by assigning
appropriate values to all components of the stat¢émet explicitly specified. In WUM,
Mary et al, (2000), an “interestingness descripisra query in our mining language,
MINT.

3.12. Knowledge Discovery Queries

Similarly to Lukas, (n, d)we believe that good mining results require aeliogeraction

of the human expert and the mining tool, in whitle texpert uses her/his domain
knowledge to guide the miner. Therefore, WUM pregc mining query language, with
which the expert can specify the subjective chargtics that make a navigation pattern
of interest to her/his.

The notion of interestingness based on beliefssisudsed in Dietmar, et al (n.d) a belief
is a rule of the form A->B, which is expected to fbee. The same study proposes
mechanisms for the verification of beliefs and thgcovery of belief violations in the
context of association rules. To the best of ouowedge, there is no respective
formalism for beliefs on sequential patterns. HogreWINT allows the specification of
beliefs or belief violations as predicates. Preisacan also be used to specify the
structure or statistics a navigation pattern shbalde to be of significance. Thus, besides
the classical mining criterion of a support thrddhanuch more elaborate criteria are
supported.
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3.13. Pattern Analysis

Pattern analysis is the last step in the overalb\Weage mining process in accordance
with, challenge of pattern analysis is to filterinteresting information and to visualize
and interpret the interesting pattern to users.

The motivation behind pattern analysis is to filbet uninteresting rules or patterns from
the set found in the pattern discovery phase. Kaeteanalysis methodology is usually
governed by the application for which Web miningd@e. The most common form of
pattern analysis consists of a knowledge query am@sm such as SQL or MINT query.
According to Dietmar, et al (n.d) there is anotii&thod is to load usage data into a data
cube in order to perform OLAP operations. Visudl@a techniques, such as graphing
patterns or assigning colors to different values) often highlight overall patterns or
trends in the data. Content and structure inforonatian be used to filter out patterns

containing pages of a certain usage type, congeet br pages that match
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CHAPTER FOUR: METHODOLOGY

4. Overview of the methodology process

According to Dipa,(2010), web usage mining havee¢hmain process in order to
discover a knowledge from the data ware house,cauth paper use for his work
according to this researcher, described abovs, iecessary to perform three steps, see

fig 5,but the detail of those how to accomplishsthanain process are described below.

Log File \
o, l > -

Data preparation

or Data cleaning

|
. "

Pattern Discovery

\ll

Pattern Analysis

\l[

Knowledge

Discovery

Figure 6: web mining usage main process to discover knowledge.
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4.1. Tools Selections for Preprocessing

As stated earlier in chapter ,there a lot of toades for preparing a dataset for the
intending purpose but the selection of those ti®lsiot easy since every tool have
designed for specific purpose but none of them ctigive a good output unless they
combine each other in order to meet efficient outphe author of this paper selects the
two major tools(\WUMprep) and WUM (web utilization miner) to meeetbbjective of

the research i.e. navigation behavior of the wedrausThe explanation of the why those

tools are selected, given below.

The author choose the WUMprep tools because Dafzapation using WUMprep scripts
is a straightforward and efficient one time proaedthat prepares the data, Its primary
purpose is to be used in conjunction with the Weage miner WUM, but WUMprep
might also be used standalone or in conjunctiom wiher tools for Web log analysis.
Therefore, the author found no need to implemesitdaita preparation into navigational
discovery software, besides to that even if the WWislve some capabilities of
preprocessing, but does not support the main ptepsophases such as removing robot

hosts and etc.

User Navigational Behavior Page 58



Means of
preprocessing

Extended log format of AAU

Pre-processing

Analysis

Visualizing tools

Removing irrelevant

\ 4

.2

Web utilization miner

WUM visualizer

WUMprep

Removing robots

Aggregated Log

4

4

\ 4

Sessionize

Sequances

4

Microsoft EXcel
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As it have been mentioned in the above figure 6¢clwbBhows how the objective could be
achieve, even if the preprocessing done using thdfep, the researcher regulate the
configuration of the tool to meet the objectiveheTdata cleaning is done based on the

following criteria.

4.2. Removing Irrelevant Records and Status

The removing of irrelevant records are significaatit have mentioned in the chapter
three , as these requested log files are not@miyain requests to the pages comprising
the Web site, but also requests of images, saiptembedded in these pages.

The author of this paper uses to remove those edeldeextension of files should be
removed because these “secondary” requests areerded for the analysis and thus
irrelevant (they must be removed from the logs t@efaining). Those requests are in the
following table with their definitions:

\.ico, A file format used for icons in the operating syste

\.gif, A popular format for image files, with built-in gatompression

\.jpg A file extension indicating a file of JPEG filerfoat; i.e., a digital picture

\.jpeg, A file format commonly used for image compressiddn image file in that
format

\.css, This is a document format which provides a setyiesules which can then
be incorporated in an XHTML or HTML document

\.JPG The most common image compression format useddiaticameras.

Table 3: Irrelevant list of requests
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Beside to that, the author only interested on regwéich only have the status 200 series,
because concern only successful requests whichlynstiows the users who get what
they want and the other requests’ are not negarame .

In general, according to the researcher these ségudd not represent the effective
browser activity of the user visiting the site; berthey are deemed redundant and should

be removed.

4.3. Removing Robots

The author of this paper strongly believes to dgiish between human users and hosts
that are robots, there exist several heuristicst dmve mentioned above in chapter,
section three. They are implemented in the sdFipstly, all records containing the name
“robots.txt” in the requested resource name (URE)identified and straightly removed

from the original log files.

4.3.1. Removing Duplicate requests

If a network connection is slow or a server's re@spbme is low, a visitor might issue

several a successive clicks on the same link bef@eequested page is finally showed
in his browser. Those duplicate requests are nioigee date and should be removed. The
author of this paper uses, the most widely accetttezshold for of 2 seconds between

two consecutive requests the entries that corresptnrobots can be eliminated.

4.3.2. Sessionize

A session is a contiguous series of requests framgle host (in context of web usage
mining , a session requested of series pages ordene ) Multiple sessions of the same
host can be divided by measuring a maximal page tirae for a single page, the author
uses a Session which is computed by taking any tiiRé stamp ,to achieve theses the
researcher uses the most accepted time thresiwbiidh is 1800 sec or 30 min to

identify the sessions using the these timestamp.
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4.4. Dividelog format

The preprocessed data needs to be dividing intcageable size before feed into WUM
because it takes long time to process the datthescesearcher writes a python code to

prepare the processed data for the WUM.

4.5. Tool Selection for Navigational Behavior

The transformation of the web server log into a ¢dgsessions appropriate for mining
and the process of navigation pattern discoveryparéormed in the framework of the
Web Utilization Miner WUM, according to Andlia ek,a(2003), WUM (web utilization
miner), Its primary purpose is to analyze the natigmal behavior of users in a web site,
furthermore, Navigation pattern discovery is parfed on the portion of the web server
log that contains the sessions. The discovereeérpattreflect the desired behavior of the
visitors. These patterns are then used as a lmaaisalyze the sessions in the rest of the
log, comprising the sessions of the active investics that did not become customers.
The architecture of Web Utilization Miner, Therews major modules: the Aggregation

Service prepares the web log data for mining ardMINT-Processor does the mining.

In ref Bettina et al (1999), The Aggregation Seevextracts information on the activities
of the users visiting the web site and groups cmutsee activities of the same user into a
transaction. It then transforms transactions irgquences. Its major task is to merge
those sequences into tee structure, on which aggregated statistical infdroma is
retained. According to Marya, et al (n.d), AggregatService assumes that accesses

from the same host come from the same visitor.

Aggregate Trees: The Aggregation Service of WUMats the visitor trails from the
web log and aggregates them by merging trails thighsame prefix into a tree structure,
the “aggregate tree”. An aggregate tree is a &i®ode of which corresponds to the
occurrence of a page in a trail. Common trail pefiare identified, and their respective
nodes are merged into a trie node. This node istated with the number of visitors
having reached the node across the same trailxpi®fe call this the “support” of the

node.
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In accordance with Marya, et al (n.d), The MINT-¥ssor mines the aggregated data
according to the directives of the human expertINW' is the mining language serving
as interface between the user and the miner. Tperexnses MINT to instruct the miner
on the formulation of the output, and, most impoattig on the interestingness criteria to
be satisfied by the desired patterns.

In ref to Bettina,et al , (1999),generalized dgstarn like “The MINT-Processor is
responsible for identifying common patterns in ldrge aggregate tree of the Aggregated
Log, merging them to aggregate graph objects, cdmgpuhe node supports and

evaluating the query predicates.”

Besides to the above, the following points coulddi®n as a reason why the researcher

selected the WUM as tool for navigational tool.

* It's designed to work with The WUMprep module (whits responsible for the
pre-process phase ;)

» lIts free and open source tool (not commercial)

WUM has mining language (MINT query) which serviexginterface between the
user and the miner for filtering the interestingneattern to be satisfied by the
desired patterns.(is also open source and free)

* WUM uses for the discovery of navigation patternsd avisualization of
interesting Patterns.

* It's a sequence miner and support GSP algorithms.

* It can generate comprehensive statistical repgardeng the web log in better

way so that it can be used as in put for othestéml better visualization.

Generally, WUM is a sequence miner, a mining systenthe discovery of interesting
navigation patterns. Further explained in Maryalet(n.d), its purpose to analyze the
navigational behavior of users in a web site asdalier navigation patterns in the form
of graphs. it discovers patterns comprised of esvémdt are not necessarily adjacent and
satisfying user-specific criteria is a mining systdor the discovery of interesting

navigation patterns.
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4.6. General M ethodology

The overall pictures of the methodology can becdleed as the following figure 7, the
WUMprep scripts does the preparation steps(in theve illustration ) , which is the

input for the WUM tools discovers the navigatipattern and mining patterns and
visualize the result using WUM visualize basedl@miner interests.

Original web server log
|

l Preparation
Instruction _ Phase (WUMprep)
— AT Prepareh log

— l
Result pattern Mr -

T Discovery

M '
\

Mining results

Mg phase (WUM

A

Figure 8: navigational process of WUM
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CHAPTER FIVE: EXPERIMENT

5. Over view of Experiment setup

The experiment has been conducted on the follos@tgp

o Computer Type: personal computer (X32-based PC)

* Operating system: OS Name Microsoft window 7 ultimate edition

* Processor: Intel (R) Pentium (R) Dual CPU T3200 @2.00GHZ 2.B@G
* Web mining tool: web utilization miner (WUM?7.0 the latest version)
» Supported tools: Java version 1.5 (WUM java based tool)

* Programming Language: Perl (WUMprep suit of Perl script).

» Python code: To divide the web log into manageable size

5.1.Data Collection and Selection
The data for this study is a web access log da&Add official web site .As mentioned
in the chapter one, a web log data is favored byyrfar web usage analysis. Two

months web access logs have collocated for thdystor December and November.

5.2.Data Cleaning

The data collected from the AAU web server logs fateof junks that are not cleaned
and should pass through some data cleaning phsseshe figure below) ,it is important
steps to truck down the exact behavior of the o$¢he official web site unless they
removed it is difficult to achieve the objective tifis paper. Those phases must be
undertaken to have cleaned data for further usesc€ps). The sample Log data are

collected from AAU before preprocessing.
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66. 249. 65. 124 - - [ 28/ Nov/ 2010: 04: 26: 35 +0300] " GET
/i ndex. php/ gl obal -t ext - proj ect HTTP/ 1. 1" 200 22916 e
"Mozillalb.0 (conpati bl e; Googl ebot/ 2. 1;
+ht t p: / / www. googl e. conf bot . htni ) "

66. 249. 65. 87 - - [ 28/ Nov/ 2010: 04: 26: 37 +0300] " CET
/i ndex. php/ conponent / event s/ vi ew_nont h/ 2009/ 06/ 01?cat i ds=97

HTTP/ 1. 1" 200 38809 "-" "Modzilla/5.0 (conpatible; Googlebot/2.1;
+htt p: // ww. googl e. com bot. htm )"

66. 249. 65. 104 - - [ 28/ Nov/ 2010: 04: 26: 43 +0300] "GET
/i ndex. php/ conponent / event s/ vi ew_week/ 2011/ 04/ 26 HTTP/ 1. 1" 200
28388 e "Mozillal5.0 (conpati bl e; Googl ebot / 2. 1;
+ht t p: / / www. googl e. conf bot . htni ) "

Table 4: A small extract of a Web server log cotgen

From the original web log see table 4, which careasily seen a lot of junks, noises as
well as robots (spiders, crawlers) those shouldepeoved in order to have clean web
logs to have appropriate ,efficient ,effective datgs.

5.2.1. Removing Irrelevant
As a result of removing irrelevant the number @f limes decrease in enormous seize the
reason for it , those log files which contains sleene extensions (see previous chapter),
and those repeated requests that may came frortienpasers will be eliminated that’s
why the number of records seized in such amour#.dftginal size of the records before
were 50701 KB records (KB) and after the log filtereprocessing it became to
12416.KB.

-
6 CiPeribinperl.exe “——- s e e ]

Reading cunflgulatlun flle C /erlg/ndmlnlutlﬁtul avet—PCrDesktop-UHUMprep3. - src ujl
umprep.-conf .

Reading log folmat definition... =
host_

: 1dent

= auth_user

- ts_day

: ts_month

= ts_year

= ts_hour
: ts_minutes
: ts_seconds
= t=

: method

= path

= protocol
| = status
#Field 14: sc_bytes
PField 15: ignore
Field 16: referrer
Field 17: agent
Field 18: session_id

I-OW\JU’\U'l;hI’.\JNHE
Y '

IC:“UsersAdninistrator.awvet— PC\De“ktDp\uUleep3\“lc\logF11tel pl:

Filtering input log f11e 1z access ..

47088 lines plncessed =
E axs

Figure 9: removing irrelevant records sample.
e —
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5.2.2. Detect Robots

The process of detect robots are very importamitniatee the irelevent records whch
are caused by the misusers that cames from waheurces like (speider ,web crawlers)
in other words , web surfing requested that aoefdst that ordirnary pepole do not do in
such fast ways caused by web crawlers.Accordingyt@xpertment the number of robots
are based on the maximum page view and againsKiigt* in the WUMprep.The
number of robots that detected from the web sedogsrare shown below,

) C:\Perl\bin\perl.exe - ~ o | B ||

i ident

I ts_day

: ts_month
: ts_y

: ts_minutes
: ts_seconds

: protocol
: status
: sc_bytes
: session_id
iguration file C:-/Users/Adninistrator.awet—PC/Desktop/2nd/src/wanpre

Processed 55888 lines of log
Total number of hits: 55163
Mumber of robot hits: 29956
» of total by rohots: 54.36

Writing output and performing DNE lookups (if neccessaryd

i Figure 10: sample removing of robot hits

According to my experiment, for the months of Debem the numbers of robots inside
the Log format are 54.36 % robots from the tot#s,Hior the months of November the
total number robots are against the total hit &&&%. Samples of robot log lines that
are resulted after preprocessed of log filter:

208.115. 111. 247 - - [05/Dec/ 2010: 05: 03: 20 +0300] "CET /robots. t xt
HTTP/ 1. 1" 200 --304 "-" "Mbzilla/5.0 (conpatible; DotBot/1.1;
http://ww. dot net dot com org/, craw er @ot net dotcom org)"

(robots. txt)

208. 115. 111. 247 - - [05/ Dec/2010: 05: 03: 21 +0300] "CET /robots.txt

HTTP/1.1" 200 --304 "-" "Modzillal/5.0 (conpatible; DotBot/1.1,
http://ww. dot net dot com org/, crawl er @ot net dot com org) "
(robots. txt)

Figure 12: Sample robot log files.

From the above results what it can be observalddyethat some of the requests that

came from same IP address that468( 115. 111. 247) within two seconds, those
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requests originated from the same |IP address withiwo seconds.
([05/Dec/2010:05:03:20 +03003nd ( 05/Dec/2010:05:03:21 +0300)

5.2.3. Sessionize
The Sessionize which are resulted after the detect the robots and give the following

results as shown below,

@ C:\Perl\bin‘\perl.exe — e lﬂﬂlﬂ—hj

p.conf .

Readlgg conf1gu1at10n file C:sUsers/Administrator.awvet—PCrDesktop/2nd/sprc/vunprells
p.con

Reading 1og format definition.

Field host_ip

Field : auth_user

: ddent

: ts_day

: ts_month

qumu‘!.&mMHB

: protocol
MField 13: status

I sC hyte*

: session_id

inistrator.awvet—PC\DesktopsZndisrchsessionize.pl:
zessions in log access.clean.nobots ...
28888 lines processed..

Figure 13: sample sessionaize process

The sesseinalize creates number of sesseionize;datg to my experiment the number
of session’s creates are about 23411.some log\Wwhé&sh are exceed from the threshold

i.e. 1800 sec or 30 min are removed .for the detalin sample of in the appendix.

245208:1[10.90.10.28 - - [28/Nov/2010:04:27:21 ®)3GET /index.php/library-and-
museum/library HTTP/1.0" 200

245208:2|10.6.13.66 - - [28/Nov/2010:04:31:19 +Q3GET / HTTP/1.0" 200

245208:3|207.46.13.93 - - [28/Nov/2010:04:34:3903GET
/index.php/academics/schools/348-schools?tmpl=comp&print=1&page=
HTTP/1.1" 200

245208:4|68.52.248.143 - - [28/Nov/2010:04:35:2306) "GET / HTTP/1.1" 200

245208:2|10.6.13.€- - [28/Nov/2010:04:41:19 +0300] "GET / HTTP/1.0"0
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As it can be observable from the above fig 13,thatonly status that filter from the web
log files are GET and the status of 200 which iatBe the successful requests from the
web sites users, besides to that the session eméfidd . The types of log formats are
converted from the Extended log format into Comnhagy formats (see chapter Two,

types of log formats).
5.3.Generalized Reportson Log Preprocessing

In this section the result of preprocessing willdigcussed in general manner, an average
user requests per day is 200220 lines. The pregsouwe phases undertaken for both
months (December and November) gives the followsgplts after undergone through
different phases of preprocessing for the montimgl summarizes for one week in

December the following tables. See for the montidavember in appendix.

Original log After removed | After detected After Cleaned data for WUM)*

entry records | irrelevant data robots Sessionize
220340 150127 70564 25005 25005
230087 160743 72087 24060 24060
200406 148906 63480 21000 21000
190967 138967 50653 19734 19734
200190 178300 60752 20674 20674
200150 167543 47897 19653 19653
220205 120950 62096 23765 23765

Table 5: A Sample records for the week in Decenalfter undertaken the preprocess
phases.

Note:*the cleaned common log format cannot be directiyiriéo the WUM they must be

dividing for manageable size, using the python code

As it have been mentioned earlier the log files @vatains irrelevant data, irrelevant
records and noises, that's why we can observe tlmrabove experiment result in the
table the size of original log entry records deseghin average of 80%.for the months of
November the size of records of original entry dased in average of 73%.(see in the
appendix).
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5.4. Navigational Behavior of December

5.4.1. Aggregated LOG tree

The aggregated tree are results from the web naifter the sessions creates based on the
above preprocessed tool (WUMprep) and importechéoniiner resulted the aggregated
tree for the months of December as follows.

ﬁ WUNgui [websiteAAu] - Agaregated Lo

Tree Graph | Tree View

[Root08) [i1,348] [1,2,28] 23] {430 [i5:2 [h&:1] 7]
n] [ | 1 [ | [ | [ | [ | [ | E
‘ fi-and-museumilibrany;1 17 166 1]
[ | [ | =
[hpicomponentiagarchrd 1]
[piadministrationfict ;1]
[ |
i-and-museumflibrary 1]
| |
[pibrany-and-museum; 1] [plibran-anc-museum: 2.1] [padministrationfict 1] fadmissionsigra
[ | [ | [ | [ |
[haleomponent'searchi 1 A][4:1]
[ |
[ssionghundergraduate; 1] [indexphpfahoutaau 1] [ndexphpiacademios 1] [php/administrat
| | | | | | | |
[i-and-museumnibran; 1] [F4:1] [siness-and-econamics; - 1jcaunting-and-fing
[ | [ | [ |
[PRGETHIO-FRENGH php; Tridex phpdinguistics 111 [13:1]
| | | | | |
[index phn ;4] 3 [faculty-ofmedicing;1:1]  [facufty-of-medicing; 21 [4:1]
[ | [ | [ | [ | [ |
[hplcamponentisearch ;1] af-profle-sosa-soc 4] - hwA54-stefprofile 1] thplcomponentise
[ | [ | [ | [ |
lindexphn 22l
| |
[erschool-of-pharmacy;1;1] [dex phpfprogramsphar1 1 [preguistionspharmac; 1 1] (hpfadmissionpharamey; 1 fninistrationphan
[ | [ |
indexphpladmiszions,1 1 |[missiansi-graduate;t 1 ladmissionsigraduate 1]

Figure 15: Sample aggregated tree for the month of December

As we can see from the above figure 14 ,an agtgddaee that the total number of
nodes or total traverse make by users are 60&h&ntonth of December, based on the
aggregated tree the MINT query applied to find neséing pattern or for sequence
analysis from it. The researcher chooses the sommples to find interesting pattern for

the month of December. For the month of Novemberirs¢he appendix.
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5.4.2. Sequence and Navigational Discovery of Users

As previously mentioned in chapter three, the galimad sequence pattern describes the
behavior of users by filtering out the interestpattern from the aggregated tree using
the MINT query. ,In the following sections, the eximent is undergone using some
most interesting patterns using the MINT queryiszover the most important issues that
should be discovered according to the researcHeardevest , like Where do visitors of

page Home go after wards?, Where do visitors ger &fping thewww.aau.edu.et(/)?,

To Find out pages that always visit together ard lat its pattern, Where do visitors go
after search page of AAU (/index.php/componentd®& What is interested in
navigation patterns between two pages.

Sequence analysis 1: Where do visitors of page HOME go afterwar ds?

Using the MINT (see appendix for syntax of MINT)equ the author is interested where
users go after the accessing the home pages umtileixt five pages, using the following

guery to the MINT to discover users’ navigationahbvior.
Explanation of the query

In this query, we specify a template t with twoightes a, b, thus seeking for with two
pages bound to a and b and at most 5 arbitrary peg@rences in between denotes that

“a” should be bound to the first page which is érgbhp/home and at least visited

(confidence) 20% occurrence in a session
select t

from node as a b, templatea [1;5] bast
where a.url = "/index.php/home"

and (b.support / a.support) > 0.2

The above query results a following patterns usiigMvisulizer but the author puts

some sample results in the following figure.
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Type of Results: @ Complete Patterns {_) Partial Patterns
Pattern | “ariable URL and Occurrence Abs. Support Confidence

1 a findex.php/home; & 10 1.0]~
1 b findex.phpfadmissions/graduate; 2 3 03]
2 a findex.phpihome; 13 1 10| |
2 b findex. phpfacademicsfacultiesfaculty-of-medicing; 6 1 1.0

3 a findex.php/home; 13 1 1.0

3 b findex.phpireqgistrar; 3 1 1.0

4 a findex.php/home; 10 4 1.0

4 b index.php/admissions/graduate; 2 1 0.25

5 a findex.php/home; 3 87 1.0

5 b findex.php/home; 5 27|0.3103448275...

] a findex.php/home; 4 49 1.0 =

Here, we receive all pages reached within 5 pafies HOME (index.php/home), which
has been accessed 100 or more times, providethtted pages have been accessed by at
least 50% or 100% of the visitors visiting HOME t faas we can see from the result the
most accessed pages is /index.php/library-and-nmusesers stay 100% visting the
content of it, It is also clear that most users wisited the home page also stay in 100%
within the page of /index.php/registrar thosethezmost .of course the other pages like
/index.php/admissions/graduate users stay in thpegges users stay in the page for

average 26%,even if they are the most visite@padter Home pages.

Navigation pattern:

WUMgui [WUMLOGnov] - Result Graph 1/2 of Result Navigation Pattern 1/41

l/ Tree Graph |/ Tree View |

a= [findexphprhome;8;10] [findex.phpthome; ;5] lindex.phpthome; 10;3] [fadmissionsigraduate;1;1] b = fadmissionsigraduate;2;1]
| | ] | | o

h = [fadmissionsigraduate; 2;1]
o

[index.phpfadmissions; 2,11 b = fadmissionsigraduate; 2;1]
u]

u]

As we can see from the navigation pattern most lpeape going to the page of

/admissions/graduate after visiting the home pateslear to see that most users stay in
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the HOME page (/index.php/home) and navigate betvee home and admission pages
finally to reach the target pages.

Sequence analysis 2: Find out pages that always visit together and look at its

pattern.

Explanation of the query

In this query, we specify a template t with twoighles a, b, thus seeking for with two

pages bound to a and b and at most 5 arbitrary pegarences in between denotes that
“a” should be bound to the first page which is érgbhp/home, this page should be
visited at least 100% and b page should be at lesistd 20%(confidence) occurrence in

a session.

select t

from node as a b, template a [1;5]
bast

where a.url ="/index.php/home"
and a.support > 100

and (b.support / a.support) > 0.2

The above MINT query results one patterns,

Type of Results: @ Complete Patterns i Partial Patterns

Pattern Variable URL and Occurrence Abs. Support Confidence
1 a findex.php/home; 2 170 1.0
1 b findex.php/home; 4 38| 0.2235294117 ...

Here, we receive all pageghere a is 2nd entry, which has been accessedrlftbre
times, provided that b has been accessed bysit2@&o of the visitors visiting a. And b

has been accessed 22%.
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Navigation pattern

findex.phphame;3;53] b= [iindex.phprhame;4;23]
L] o
[fadmissionsigraduate; 2;1] b = [findex.phpfhome;4:1]
| | u]
[fadmissionsigraduate; 4,1] fadmissionsigraduate; ;1] b = [lindex.phpthome; 4;1]
[u]

[daetCamnpilation ks 1;1]  Fadmissionsigraduate;4;1] lindex phprsiter-map:1:1] b= indexphpdhome;4:1]
[ | | | o

1.3 b = [findex phphome 4:1]
u]

Figure 16 :Navigation pattern

From the figure 15, its easily observable heresee that when visitor start from looking

at/index.php/home page, 20% of them will stay within this subjeatar

GSP analysis 4: Which paths do visitors take to read blogs?

In this query, we specify a template t with twoighles a, b, thus seeking for with two

pages bound to a and b and at most 5 arbitrary peg@rences in between denotes that

“a” should be bound to the first page which is érgbhp/home, this page should be

visited at least 20 % and b page should not b&edsn the sessions.

select t from node asa b ¢, templatea __ b [0;0] ¢
ast

where c.url = "/index.php/view-blog"
and b.url !="/index.php/view-blog"

and (b.support / a.support) > 0.2
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Hattern vVarnabple UKL and Uccurrence ADS. Support confidence
1 a 15 349 1.0
| b I8 73| 02091690544,
| C fIndex.phpmew-olag: 1 1| 0.0028653295...
2 a [aaU_staf_load/EnterLoadinfo.php; & 2 10
2 D findex.php; 2 1 0.5
2 C findex.phpMew-olag; 1 1 0.5

The out of the query give us two patterns ,Hereregtve most users reaching the page
/index.php/view-blog pages after users stay 100%ha page of root page (/) and
/aau_staf load/enterLoadinfo.php ofcourse somesustaly 20% and 50 % respectively

stay in the home page before reaching to /indexvig-blog pages.

G-sequance

WUMgui [WUMlognov] - Result G-Sequence 1/4 :

Tree Graph

a=1[h5344]

h=[ha:73] o= [findex phpfiview-hlog;1:1]
O a

a = [adiEnterLoadnfo.php8;2]

b= [findex.php;2;1]
a

¢ = [findex.phphiew-blog;1;1]

a a
a=[hT:2248] b=[H10:46] ¢ = [lindex.phphiew-hlog;1;1]

a a a
a=[10:136] h=1[13;37] ¢ = [findexphpfview-hlog;1;1]

a a a

the Users do not take a single paths to reachtexiphp/view-blog most of the users
take a path from the root pages,and the second mmets take to reach using

/aau_staff load/EnterLoadinfo.
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GSP analysis 3 :Wheredo visitors go after search page of AAU pages?

In this query, we specify a template t with threeiables a, b, thus seeking for with two
pages bound to a and b. occurrences in betweenedetiat “a” should be bound to the
first page which is /index.php/home. b page shdwddat least visited 15% .page c
(confidence) occurrence is at least 30% a session.

select t
from node as a b c, template

al0;0]b[0;0]cast

and a.support > 10
and (b.support / a.support) > 0.15
and (c.support / b.support) > 0.30

where a.url = "/index.php/component/search”

Pattern
Type of Results:  ‘® Complete Patterns i_' Partial Patterns
Pattern | Variable URL and Qccurrence Abs. Support Confidence

1 a findex. php/component/searchl; 5 53 1.0
1 b findex. php/component/searchl; & 21| 0.3062264150...
1 C findex.php/component/searchl; 7 12(0.2264150943. .
2 a findex. php/component/searchl; & 1 1.0
2 b findex php/component/searchl, 7 16| 0.5161290322. .
2 C findex.php/component/searchl; 8 71 0.2258064516...
3 a findex. php/component/search, 1 431 1.0
3 b findex.php/component/searchl 2 145 0.3364269141...
3 C findex. php/component/searchl; 3 66| 0.1531322505...
4 a findex.php/component/searchl, 7 23 1.0
4 b findex.php/component/searchl; 8 10| 0.4347826086...
4 C findex. php/compaonent/searchl; 9 710.3043478260...
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All the ten patterns show that user’s do know whbey are looking for. most of users
who stays in search engine 100% and also stadyisrpage for average of 40% ,they do
search function stay within search the page.

G-sequence pattern

WUMgui [WUMLOGnov] - Result G-Sequence 2/9 §§

[ Tree Graph | Tree View |

| ¥

a = [hpfcompaonentrsearchrf;31] h = [hpfcompaonentrsearchr; 71 6] ¢ = [hpicompaonentrsearchl 8,7
o o o

a=[hpfcomponentizearchiB;31) b = [hpfcomponentizearchrl;7;16] ¢ = [hpfcamponentisearchi ;7]
u] u] m]

Sample of the above ,the author do not need talptite g-sequence from the navigation
pattern that users stay in the search page as neegafrom the above result, that users
stay in the search page.
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Navigational between two pages

Only patterns starting at a node with support astled0 are of interest. One URL is
explicitly excluded (index.php). Namely X*Y, showthe second part Y*. Our
visualization module currently displays patternstrags; this is why X*Y is a tree, all
leaf nodes of which refer to the same page. Thie pa the value bound to the variable

Y.

select t

from node as x y,
template # x *y * as t
where x.url = "/index.php"
and x.support > 40

and y.url = "/index.php/academics"

The above query results the following navigationeg,

1= [indes phofacademics 1 FRL [index phpet: ) [ne-cultural-hertaged: ] v=inde phplfacademics; 2]
i} | | | i}
= [inde phplacademics; 2.2
i}
] [college-cfeducation’?: ] 3] (lndex phpfeontacts: ] v=indes phpfacademics 21]
| | | | 0

= [inde pholacademics; 28]
i}

From the above figure that most users who use ¢hdeamic pages do not leave to other
non-academic pages which is not related to thieid fiwhether stays at this page or leave

the web site.
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5.5.Statistical Analysisfor the M onths of December

The WUM cangenerate a comprehensive re in terms of simpldéables the research
used other tool (MicrosofExcel) for better visualizationreport will be discussed li
what are ,most requestpdges, most visited pages, most visited directsnyell as mo:
referee pages for the month of December will bewtised .For the month of Novem|

see in appendix.
5.5.1. Most requested pages

The following table shows the top ten most accegsages dung the monthsof

November .For theest of the months sdn appendix.

Most Requested Pages

m/
2.45% 1.73%
3.179% 2.01% M /index.php/
3.45% 3-17% «

il

m /index.php/component/search

/
m /ies/

4.03%

M /index.php/philosophy/

® /index.php/library-and-
museum/

/index.php/academics/faculties

/
/index.php/admissions/

Figure 17: Top 10 most requested pages.
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A figure shows the Top ten most pages during thatheof December ,As it is shown
the most requested pages is the / or www.aautedpeges followed by

/index.php/component/seardid the page /index.php/library-and-museum

This is reflection of that the /index.php pagerest popular by most users in all the
three months .in fact ,this shows that most visitemnter into the site directly by typing
the web site address as it shown in the abovetdmecThe search engine of the Addis
Ababa University the second most accessed pagksvéal by the /index.php/library-

and-museum pages.

5.5.2. Most visited directories

The root directory 7" is the most accessed directory where the roactiry in root
folder is located .Most users also shows interesthe contents under thiendex.php/
folder. It is also possible to say that from thépot those are also important visited pages
/index.php/component/search/

Most visted directory

m/ M /index.php/

® /index.php/component/search/ M /ies/

H /index.php/philosophy/ ® /index.php/library-and-museum/
/index.php/academics/faculties/ ® /index.php/admissions/

/index.php/academics/ /index.php/aboutaau/
3.17% 2.43% Y3,
3.17%
4.03%
3.45%
6.76%

Figure 18: Top ten requested directories
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For the rest of thenonths, mos of the directory are requestede the same as the abo
until the top three directory but the othersla@eame familiar in the next pac

5.5.3. Most Top Entry Pagesand Top Exit Pages

TOP ENTRY PAGES
1.13%

1.13%
1.69%

1.13% 1.13% m/
1.69% 1.69%

i 2 20

O —
3.39% MRS — H /index.php

m 000 N
m /index.php/library-and-

museum/library

M /index.php/view-blog
m /index.php/academics
m /ies/index.php
m /ITPhd/students.php
u /index.php/view-

blog/viewpost/823

/index.php/view-
blog/viewpost/812

Figure 19:Top ten entry pages

The entry pages are pages that indicated that éfesite users first visited where as

top exit pages is the last pages the users visitédal web site.From the figure belo
what we can observe is that tl/” root pages where it is located accessed moredhg
other pagesalmost half of the reques<80. 23%) and the /index.phjpe second most tc
entry page and last not least /index.php/library-and-museum/libratige third most toj
entry of pages, followed byndex.php/viev-blog and/index.php/academicsthe 4th and
5thtop entry pages. For the rest of the months seeraldp of Decembe
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For the month of November, as it as shown in tgaré 55.68ve % of the visitors have

entered into the web site directly through tlaexd index.php.

0.97(%30% TOP EXIT PAGES

%

0.26%
0.38%46% m /index.php

1.00%.19%

B /index.php/admissions/graduat
e

® /index.php/home

m /index.php/library-and-
museum/library

H /index.php/component/search/

® /index.php/home/1001

m /index.php/admissions

m /index.php/academics

/index.php/aboutaau

m /index.php/aau-bpr-all

Figure 20: Top most exit pages.

From the above the figure ,we can see that thexdmpages are the “/” or after the user
type the web site address and leave the web siteoutimaking any click steams .the
second most exit pages are /index.php and lasteast ,the 3rd most exit page are

/index.php/component/search/.
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5.5.4. Top Referrer Pages

The top referee pages are pages where the visdgerlecated when making the next

request with the official web sites.

030% TOp Referrer Pages
0.96%8%

0.97%
M /index.php

1.00*90.2165/3% 0.16%

® /index.php/admissions/graduat
e

® /index.php/home

M /index.php/library-and-
museum/library

m /index.php/component/search/

H /index.php/home/1001

m /index.php/admissions

m /index.php/academics

/index.php/aboutaau

Figure 21: Top Ten referee pages.

From the above figure , what it can be easily olsde that most users makes the next
request from the page of /index.php which covermore percentage 88.8 %. the next
popular page where users requests the next page iamgated from

/index.php/admission/graduate and which covers%.8% third most refree pages are

/index.php/home which covers the percentage 0f%0.96
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For the months of November are almost the samieasliove but the only difference are
below three requests for more details see in append

User Navigational Behavior Page 85



CHAPTER SIX: CONCLUSIONSAND RECOMMENDATION

Conclusion

* From the navigational behavior of users that we icglicate easily users is no
single point where users go after home page andbeaponclude that users
navigate from top of the page (hierarchy) to thedohierarchy.

* From the navigational behavior search behaviorlmaconclude that most users
use the search engine effectively or know whey thre looking for.

* most request pages are requested to the webystiging the official name of

the web site that isvww.aau.edu.et,that'svhy the most request web page

becomes the root page of course it clear that #le server is an apache server,
when type the official name hit the root directafythe official web site .from
the request pages the second top most requestedes pagre
/index.php/component/search pages, it indicatetsnttost users use this page for
searching key words with in the pages. What else lba concluding that
/index.php/library-and-museum the third requestegsag can be conclude that
most users are interesting in the content, theoreagould be most journals
associated to it.

* Most visited directories are of course the rooecliory since most of users are
typing the name of the official web site and mast hre from the root directory,
the next most directory are /index.php/ which hagter sub directory inside it
like /index.php/home or other directory in side it.

* most users use enter to the web page using the pég /index.php |,

/index.php/library-and-museum/librariindex.php/view-blogand most users also

leave from those pages that it can be concludealmabst the other pages 1/3
,most users leave without visiting the web pages.
» It easy to see that most users use the /index/pigex. php/admissions/graduate,

/index.php/home are most users requests from thages to make for further

User Navigational Behavior Page 86



requests, so it would be very useful if the adntiater can put some urgent
notice and advertisement within those sites sthey are most accessed web

sites.
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Recommendation

* Most users come to the page web site directly theeityping the name or from
the search engine that displays the home page cohisl be an indicator the web
site has a kind of sickness .the web master theredbould do some kind of
assessment on the department index pages makehstirthose pages contain
those key word for indexing in search pages.

* The most together accessed pages are the homeipagegssed with itself so it
is important that ,It also important to recommehdit tthe concerned body that is
in charge of AAU official web site design shouldeate quick links from one to
other pages for those pages mostly accessed tergath

* ltis also clear that most users left the web fsden some pages mainly from the
/index.php/home ,/index.php/admission/graduategftrghp/academics from it, it
possible to recommend that the web master shoukl these page for
advertisement and notice and also possible to mewnded further it is possible
to link to other department links in order to em@me web site users to stay in
the web site.

* It is possible to recommend that the web admirstsashould make the most
accessed pages, to be prefetching or cached tergréhe latency of the network
bandwidth or prevent delay to access those pages.

* From the navigational behavior most users stajénltome page and spent less
time in visiting other web pages so it is possiliée recommend the web
administrator should make other pages link withthagsessed pages.

» For further work can be recommended that, sincdish®f robots in “robot.txt”
may be out dated over long time or difficult to detthe latest updates it is
possible to identify the normal (non-robot) hosis rberging log files, widely
accepted log files for purpose are “agent log fikeith “access log file” as a
consequence could be better result.

* The other recommendation for further work, dividle web page based up on
concept of hierarchy which concept divide pagesuting to the service they
provide, once hierarchal classified the pagesoitld give better result.
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* The last not the least, recommendation for theh@rtvork, since by combining
different technique of web usage mining such agesdmmining with web usage
mining (work of this thesis) it could give bettesult in terms of efficiency .

User Navigational Behavior Page 89



Appendix A: statistical report for the months of November

Appendix for month of November: Most Requested Directories for the months of November

most requested directory

2.14% u/

3.23% 2.71%
M Directory

3.57%

m/

M /index.php/

B /index.php/component/searc

h/

m /index.php/library-and-
museum/

= /index.php/academics/faculti
es/

m /ies/

/index.php/admissions/
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Top entry pages for Novmber

n/
2.71%
H Directory
3.239% 2.14%
u/
B /index.php/

H /index.php/component/s
earch/

u /index.php/library-and-
museum/

1 /index.php/academics/fac
ulties/

m /ies/

/index.php/admissions/

m /index.php/academics/
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Most Requested Directories
novmber

2.40%
3.04% 1.60% m/

3.63%

B /index.php/

H /index.php/component/s
earch/

H /index.php/library-and-
museum/

m /index.php/academics/fac
ulties/

m /ies/

m /index.php/admissions/
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Top Entry Pages for november

1.21% u/
0.97%
1.21% 0.97% H /index.php
1.21% 1.21% 0.97%

3.40% u /index.php/library-and-
5.10% museum/library

B /index.php/view-blog

H /index.php/academics

m /ies/index.php

m /ies/

® /nprc/Database/NPRC.sql

/march/index.php

u /index.php/view-blog/rss

The following are also the sample of one week fier tnonth of November the results of
those as explained in chapter 5.

Original log After removed | After detected After Cleaned data for WUM)*

entry records | irrelevant data robots Sessionize
210240 140127 69564 20004 20004
240067 160743 72087 24060 24060
203406 148906 63480 21000 21000
200967 138967 50653 19734 19734
200190 178300 60752 20674 20674
200150 167543 47897 19653 19653
220205 120950 62096 23765 23765
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Appendix B: Sample removed List of robots

110.75.173.43 (robots.txt )

119.235.237.16 (robots.txt )

119.235.237.20 (robots.txt )

119.235.237.85 (robots.txt )

119.63.198.11 (robots.txt )

119.63.198.17 (robots.txt )

119.63.198.20 (robots.txt )

119.63.198.21 (robots.txt )

119.63.198.31 (robots.txt )

119.63.198.33 (robots.txt )

119.63.198.35 (robots.txt )

119.63.198.38 (robots.txt )

119.63.198.39 (robots.txt )

119.63.198.41 (robots.txt )

119.63.198.47 (robots.txt )

119.63.198.52 (robots.txt )

119.63.198.54 (robots.txt )

119.63.198.57 (robots.txt )

119.63.198.58 (robots.txt )

123.125.67.227 (robots.txt )

123.125.67.229 (robots.txt )

124.115.6.12 (robots.txt )

130.89.197.30 (robots.txt )

157.55.16.229 (robots.txt )

157.55.16.230 (robots.txt )

174.124.240.38 (robots.txt )

178.154.160.30 (robots.txt )

178.4.31.86 (robots.txt )

178.63.9.74 (robots.txt )

184.154.7.186 (robots.txt )

188.165.226.104 (robots.txt )

193.47.80.48 (robots.txt )

195.215.130.196

(maxViewTime )

202.160.179.85 (robots.txt )

202.180.34.186 (robots.txt )

202.232.133.34

(maxViewTime )

204.236.235.245 (robots.txt )

206.16.59.98 (robots.txt )

206.192.70.55

(maxViewTime )

207.210.81.165

(maxViewTime )

207.241.227.74 (robots.txt )

207.241.228.153 (robots.txt )

207.46.12.236 (robots.txt )

207.46.12.237 (robots.txt )

207.46.12.239 (robots.txt )

207.46.12.240 (robots.txt )

207.46.12.241 (robots.txt )

207.46.13.100 (robots.txt )

207.46.13.101 (robots.txt )

207.46.13.131 (robots.txt )

207.46.13.132 (robots.txt )

207.46.13.133 (robots.txt )

207.46.13.134 (robots.txt )

207.46.13.137 (robots.txt )

207.46.13.138 (robots.txt )

207.46.13.139 (robots.txt )

207.46.13.140 (robots.txt )

207.46.13.142 (robots.txt )

207.46.13.144 (robots.txt )

207.46.13.145 (robots.txt )

207.46.13.146 (robots.txt )

207.46.13.41 (robots.txt )
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207.46.13.42 (robots.txt )

207.46.13.44 (robots.txt )

207.46.13.45 (robots.txt )

207.46.13.50 (robots.txt )

207.46.13.52 (robots.txt )

207.46.13.53 (robots.txt )

207.46.13.54 (robots.txt )

207.46.13.85 (robots.txt )

207.46.13.86 (robots.txt )

207.46.13.87 (robots.txt )

207.46.13.88 (robots.txt )

207.46.13.89 (robots.txt )

207.46.13.92 (robots.txt )

207.46.13.93 (robots.txt )

207.46.13.94 (robots.txt )

207.46.13.95 (robots.txt )

207.46.13.97 (robots.txt )

207.46.194.114 (robots.txt )

207.46.194.126  (robots.txt

maxViewTime )

207.46.194.137 (robots.txt )

207.46.194.42 (robots.txt )

207.46.194.78 (robots.txt )

207.46.195.105 (robots.txt )

207.46.195.106 (robots.txt )

207.46.195.223 (robots.txt )

207.46.195.224 (robots.txt )

207.46.195.225 (robots.txt )

207.46.195.226 (robots.txt )

207.46.195.227 (robots.txt )

207.46.195.228 (robots.txt )

207.46.195.230 (robots.txt )

207.46.195.231 (robots.txt )

207.46.195.232 (robots.txt )

207.46.195.233 (robots.txt )

207.46.195.242 (robots.txt )

207.46.199.177 (robots.txt )

207.46.199.178 (robots.txt )

207.46.199.179 (robots.txt )

207.46.199.180 (robots.txt )

207.46.199.182 (robots.txt )

207.46.199.183 (robots.txt )

207.46.199.184 (robots.txt )

207.46.199.185 (robots.txt )

207.46.199.191 (robots.txt )

207.46.199.193 (robots.txt )

207.46.199.198 (robots.txt )
207.46.199.199 (robots.txt )

*the shading area show
that those which are
excdeing the maximuam
time (1800 sec) and taken

as robots.
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Appendix C: A the Syntax of MINT

query::=
'SELECT’ selectList
fromClause [whereClause]
[groupClause [havingClause]]
selectList ::=
[DISTINCT’] derivedColumn
(', derivedColumn)*
derivedColumn ::=
(valueExpr|aggrExpr)
[[AS’ columnName]
aggr Expression ::=
aggrOp '( [DISTINCT]
(valueExpr|varName) ’)’
aggrOp ::=
'AVG’ | 'MAX' | 'MIN’ |
'SUM’ | 'COUNT’ | 'GLUFE’
fromClause ::=
'FROM'’ tableRef (’,” tableRef)*
tableRef ::=
'NODE’ 'AS’ nodeVar* |
"TEMPLATE’ template
[[AS’ templateVar |
template ::=
[*'] (nodeVar [*'])*
varName ::=
nodeVar|templateVar
whereClause ::=
'WHERE’ condition

(CAND’ condition)*
condition ::=

valueExpr compOp valueExpr

compOp::="="|'<"| ">’ |
'<="|">=" | 'LIKE’
valueExpr ::=

numericExpr | stringExpr
numericExpr ::=

[numericExpr ('+]-)] term
term::=

[term (*'|'/")] factor
factor ::=

[(+7-)] primary
primary ::=

literal | columnReference |

(" valueExpr )’
stringExpr ::=

[stringExpr ’||'] primary
columnReference ::=

varName '’ columnName
groupClause ::=

'"GROUP’ 'BY’ groupExpr

(', groupExpr)*
groupExpr ::=

nodeVar | columnRef
havingClause ::=

'HAVING’ condition

(CAND’ condition)*
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Abstract

Web Usage Mining is an aspect of data mining tleat received a lot of attention in
recent years. Academic researchers have develapextansive array of tools that
perform several data mining algorithms on log fitesning from web servers in order
to identify user behavior on a particular web siierforming this kind of
investigation on AAU web site can provide infornoatithat can be used to better
accommodate the user’s needs.

The Web Use Mining (WUM) , it corresponds to theqass of knowledge discovery
from databases (KDD) applied to the Web usage dtatamprises three main stages:
the preprocessing of raw data, the discovery ofesas and the analysis (or
interpretation) of results. A WUM process extraothavioral patterns from the Web
usage.

In this thesis, we find out the navigational bebawf the user of official web site of
Addis Ababa University web server recorded in wedyver for two months
(November and December), those recorded are raavtdat are full of junks, noises
and irrelevant data contents .In this paper presgmeprocessing tool WUMprep that
uses to filter those unnecessary data, such dsviar records, noise data, and it
crates the sessions based on specific thresholds.

For discovery of navigational behavior, here présdahe Web Utilization Miner
WUM, a mining system for the discovery of interagtinavigation patterns. The
interestingness criteria for navigation patterns dynamically specified by the
researcher using WUM’s mining language MINT, usthgse descriptor it can be
describe the general behavior of users insteathgfesusers behavior using the most
appropriate algorithms known (Generalized sequerattern) which implemented in
WUM.

The General behavior of users constructed by G§6ridims those behaviors are
descried using the MINT query. Those MINT query arermediate between the

users and pages.
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The researcher of this paper also recommend ihaetta better result by combining
the web usage mining with content mining techegjof web usage. Of course
without any doubt it could give a better resultenms of efficiency and effectiveness

results.
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Web Terminology and Definition
In accordance with the world wide Consortium's (W3@ork on Web

characterization terminology Magdalini,P.2006 basedthat the definition are as
follows:

* A Web server
Server provides access to the Web resources.

* A Webresource
A Resource accessible through any version of tRAermd protocol,(for
Example, HTTP 1.1 or HTTP-NG).

A Web page
The set of data constituting one or several Wetbures that can be
identified by an URI.

» PageView
It occurs at a specific moment in time, when a Wadpegs displayed in a Web
browser.

e User Session
A delimited number of user's Web requests (embedudedser-input, also
called clicks), across one or more Web servers.

« Visit
A subset of consecutive page views from a userigesscurring closely
enough (by means of a time threshold or a semadlytidestance between
pages).

- Web Request
A request made by a Web client for a Web resoulicean be explicit
(initiated by the user), or implicit (initiated bthe Web client). Another
differentiation is: embedded Web request (a requeste following a link) or
user-input Web request (a request manually indiatg the user, e.g. by
typing the address in the address bar, selectirg atddress from the

bookmarks, history, etc.).
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*  Web Browser or Web Client
Client or software, which is capable of sending WeQuests, handling the
responses and displaying the requested URIs.

» Session
We refer to a session as a set of web resourceesexyl during a website
visit. It is hard to define session accurately. Wlaewebsite visitor browses
through a website, and then makes a pause andsetuer/his visit may be

considered as one or two sessions.
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Abbreviation

Some of the abbreviations and acronyms used thouighis thesis are listed below:

AAU Addis Ababa University

CERN Center for EurapéNuclear Research

CLF Common Log Format

CRM Customer Relationship Management

DNS Domain Naming System

ECLF Extended Common Log Format

ETC Ethiopian Telecommunication
Corporation

FQDN Fully Qualified Domain Name

GMT Greenwich Mean Time

GSP Generalized Sequence Pattern

HTTP Hypertext Transfer Protocol

ICT Information Communication and
Technology

IBM International Business machine

KDD Knowledge Discovery in Data

LODAP Log Data Preprocessor

NCSA National Computer Security Association

OLAP Online Analytical Process

URL Uniform Resource Locator

VPN Virtual Private Network

WAN Wide Area Network
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WWW World Wide Web

WUM Web Utilization Miner

WUM Web Usage Mining

WUMprep Web mining pre-processing
WUMprep4Weka Web mining pre-processing for Weka
W3C World Wide Web Corporation
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CHAPTER ONE: INTRODUCTION

1.1.Background

In 1990 the internet was initially designed for leaxnge mails between users later it
becomes trendy for use of WWW. The www or 3w in npepular services among
almost any other services the internet provideserdhare number of services
providers (ISP) for the use of the internet actbgsworld. In Africa, the number of
the internet users increasing and increasing friome to time. 5.6% of the world
internet users are from Africa, further explainédhows 2,357.3 %growth from the
year 2000-2010 similarly, Ethiopia has 0.4 % shamgong African internet users
.Even if this seems insignificant when it compamsith the rest of the world,
generally speaking the number of the internet acties world getting increasing and
increasing in dramatic way thorough out worldwigme of the various reasons for
the development of the internet in Ethiopia calseluge amount of investment in
infrastructure like in education ,telecommunicatiand development in others

sectors.

Addis Ababa University, one of the oldest higheu@ation institutes in Africa with

current enroliment of over 40,000 students in @gutar and continuing education
programs. The various faculties of the Universitg distributed over eight major
campuses and eight minor campuses, all within #pital, except one that is 45 km

south of the capital.

Four major campuses (Main Campus, Business Canigdnology Campus, and
Science Campus) form the core network and connecigdfiber network. The
remaining campuses are connected with virtual privetwork (VPN) provided by
the national service provider the Ethiopian Telesamication Corporation (ETC).
Addis Ababa University (AAU) has adopted informaticand communication
technology (ICT) resources as strategic tools imaading its mission of learning,
teaching, and public service. As such, the propegration, use, and management of
ICT resources have become vital to the succesiseotimiversity. Proper integration,

use, and management of AAU's ICT resources entailspng others, equitable

! http://www.internetworldstats.com/stats1.htm#africa
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sharing of their limited capacity, protection ofnsgive information to which they

provide access, prevention of abusive practicebledaby their use, and ensuring

their manageability through technology standaribrét

There are number of services provided by the Addiaba University, one of the
popular services are the WWW(world wide web) amootper services like
teleconference ,data service ,those web servieedigide in two as the official web
site (internet ) and intranet which is not ableb® accessed outside the university
which uses for local uses. The official web siteemsed through the public Ip address
offered by the ETC.

The official web services of AAU an organized ection of Web pages information
is presented in various formats , ranging from aede papers, and educational
content, to multimedia content, blogs .that's whg getting information from the

official web site is the matter of click-streamsthme internet of course if there is
connectivity. As the result the web pages are sgras a bridge between information

providers and the information seekers.
1.2.1CT Development in AAU?

The ICT Development Office was established aroura dummer of 1996 through
visionary leadership a few individuals who realizbdt the AAU would be wise to

join the information age by adopting the technoldlgt has been transforming the
world. The newly formed office initiated a projeeimed AAUNet that has resulted in
a wide area network (WAN) whose first phase of tmmsion was completed in

November of 2001.

The network, which connects all the 14 widely dligtted campuses of the university,
has been growing since. The services deliveredugitrdhe infrastructure have also
been increasing. Despite the pioneering role AAS played in the deployment and
use of ICT and the fact that it now has a relayivebphisticated infrastructure,
however, it is still far from a point where it ideguately served by ICT. At the same
time, AAU’s need for and dependence on effectivé Bhipport is now greater than

ever.

? www.aau.edu.et/administration/DRAFT ICT POLICY AT AAU
3 www.aau.edu.et/administration/ICT

User Navigational Behavior Page 14



The national attention given to the expansion amgrovement of higher education as
critical factors in the country’s development hapleit and implied requirements for
the use of ICT in realizing the objectives. AAUdea as a major contributor to these
expansion and enhancement efforts, along withtiperatives contained in its own
ambitious strategic plan, call for the speedy improent of the efficiency and quality
of its academic and administrative functions. Thishard, if not impossible, to
accomplish without adequate ICT support. There amgently various initiatives
underway, both at the ICT Development Office andiots quarters around the
university, to meet the growing demand for and edslithe ICT support needs of the

university.
1.3.The AAU Official web site

The Addis Ababa university official web site wasbfished around some seven years
ago .As the ICT development office of AAU (whiclave mentioned in previous
section) is engaging in ICT related works ,theaiddi web page develop and maintain
by this office. the web site is hosted on AAU’s osgrver which is located in main
campus of the university (6 kilo), The official wetite have the domain of

www.aau.edu.eand have statistical |IP address.

1.4.Purpose and User Community
The official web site being in work to deliver imfpation both the university activity,
in general and about academic and administrativs,un particular, it also delivery
information about news, items and its own advemieset for both vacancies and
student admission and other, of course it hassalsee external links to other web and

other sites such as collaborative organizatiomesearch activity donor agencies, etc.
1.5.Nature and Content

Generally the web sites designed bear in mind uppesrt the objective of the

university. In sections try to discover the natanel content of the web site. The AAU
web site has both static and dynamic nature .taexdew web sites that are static in
nature those pages are not interactively with gsrs but the majority of the web
pages are dynamic in nature which are support tH8QL database incorporate with

JOOMLA packages helps users to interact with wigs sisers.
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When we came to Web site content it posts numerdosmation regarding to the
objective of university which presenting infornagit on several topics and issues,
each page have information regarding to the obpcif the pages .there are few
page which are under construction( content not yptate), but there are

advertisement and notice on several pages.
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1.6.AAU Web Structure

In the following hieratical graphs displays welestructures of the official web site.

Index page ]

| | | |
| 1 ! !
% About AAU % Administration || | Student service i %
| | |
i

[ WEB mail

— AAU March Temporary links to

current issue ,notice
and advertisment

ITPhD

— Budget

Search

Figure 1 the structure of the official web site of AAU.

There are some other web sites that are accesggdter with the official web sites
like AAU march, ITPhD, college of education, IE®4titute Ethiopian Study), virtual

accessed using the main web site.
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1.7.Statement of the Problem

Rise of the Internet gave many companies an adoete ‘gold’ channel. Trading,

putting gigabytes of information and communicatmgine has become one of the
sources for understanding of the web users. Asetlieends become stronger and
stronger, there is much need to study web-usenimisao better serve the users and

increase the value of institutions or enterprises.

As statics shows the number of web sites publigheaty day is increasing quickly
still, there are now 184 million registered domammes worldwide, a 9% increase

over the same period laghr”.

On the other hand, the education sector is rapdlylving and the need for web
information Places that anticipate the needs af theormation seekers are more than
ever evident. The need of placement informationaseasily imaginable we have to
explore where should be places some informatica @given web site, in this case of
the official web site of AAU. It is important to kv the navigational behavior of the
users based on the study of the behavior. the ofestddy of any behaviors scaled up
from the taxonomy of animals ,plants and others general, further explained that

animals classified in to mammals ,vertebrates bapeah the whole group behaviors.

According to Mokenen (2001) who were working on wslage mining of the official
web site of AAU using the tools of wumprep4weka, foeprocessing or cleaning the
data and Weka tool for data mining of the intergstpattern using the aprior
algorithms finds out the most frequent accessdbatot based up the sequence, based
on his study he did not truck the general behaviassers.

Like it discussed earlier uses the sequence (giezrexiasequence pattern) can tell the
general behavior of users on navigational behavidhe user of official web site of
Addis Ababa University, and not work have been dgeton the topic as to the
knowledge of the author.

Web site design is currently based on thoroughstigations about the interests of
web site visitors and on less investigated assumgtabout their exact behavior. In

Lukas, C., (n, d) Concrete knowledge on the walors navigate in a web site could

4 http://news.softpedia.com/news/Domain-Name-Registration-Slows-Down-122419.shtml
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prevent disorientation and help owners in placingpartant information exactly

where the visitors look for it.
1.8.Scope and Limitation of the Resear ch

Web mining has different branches: web content mginiveb structure and web usage
mining .the focus of this research is on mininggespattern of AAU official web site
.usually, three types of web related log files, ejmweb access log, error log and
proxy log files. however, in this research work,bwaccess log records is used as
dataset because many literature and previous mEspastify that web access log files

is the typical source of navigational behavior.

The limitation in this paper is the lack of manoal how to operate the web mining
tools (WUM) and besides to that the web accesstoged in Addis Ababa university
are erased at the end of every months that’s wisydifficult to get a enough data for
the research, besides to that the web mining toekd to have a higher capacity

(memory) to process the whole log files as batch.
1.9.Justification of the Research

During the past few years the World Wide Web hasob® the biggest and most
popular way of communication and information diss&tion. Every day, the web
grows by roughly a million electronic pages, addioghe hundreds of millions pages

already on-line.

The importance of the study web users furtherarpt by Marya, et al, according
to him ,most web sites are set up with little knedge on the navigational behavior of
the users accessing them; Feedback on the occuravigation patterns can notably

aid site owners in efficiently organizing the wéte shey present to their visitors.

One important data source for the study is the lwgldata that traces the user's web
browsing, Just for each second, gigabytes of dat@ven more, are created by the
World Wide Web, and even automatically collected atored by the World Wide
Web, the importance of www further explained in &laset al, (2000), the web log
creates an opportunity and encouragement for @l Daning researchers, consider it

as the largest data warehouse in the world.
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In accordance with Lita, et al (2004), define Daténing “is the process of
extracting previously unknown information from (afly large quantities of) data,
which can, in the right context, lead to knowledgegther words; the concept of Data
mining in refers to the entire Knowledge Discoverpatabases process (KDD).”
This knowledge is not arbitrary; it relates to algem, the problem we want to solve.
That's why performing data mining to optimize therformance of a Web server. In
ref of Lukas, C., (n, d), the use of data mininglitecover which products are being

purchased together or to identify whether theisiteeing used as expected.

In accordance with Narendra, et al., (2003), Wehing is defined &s the use of
data mining techniques to automatically discoved a&xtract information from web
document and services.

Furthermore, there is also a widely accepted defmi According to Zalane, et al
,(1998).

Web mining” is the use of data mining techniques to extrasgful patterns from

the web. Those extracted patterns are used to weptbe structure of websites,
improve the availability of the information in tixebsites and the way those pieces
of information are introduced to the website usangd to improve data retrieval
and the quality of automatic search of informatr@sources available in the web
site is being used as expected

From the above the definitions web mining attempt get the information
(knowledge) or to extract the pattern, for the jpggs to have an intended knowledge,
so some the technigues should be applied to diffexeb resources to overcome the
problems, in ref with Mobasher et al, (1996), welbing is a common term for three
knowledge discovery domains that are concerned witiling different parts of the

web: web structure mining, web content mining, amth usage mining.

In general, User behavior has two aspects, oneecomg the interests of the users
and the information they access, the other conegriine way of accessing this

information. The first aspect is addressed by tephes for the establishment of user
profiles and is not peculiar to web usage. Forimst, student profiles are considered
in intelligent tutoring systems, the second aspeatidressed by techniques analyzing

web server logs.
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For example, consider a user that explores the linka web site to find every bit of
information of potential interest and a user thagfgrs keyword search. Those two
users need fundamentally different support, evéxotifi of them are interested in solar
energy collectors, chess and medieval sculpturehib study, concentrate on the
second aspect of user support, namely on the asalf/siser navigational behavior,
because web users is characterized by her/hisegiteand by her/his navigational

behavior.

1.10. Objectives

1.10.1. General objective

The general objective of the research is to appBb wnining techniques for
discovering of navigational behavior of AAU offitiaveb site usage of to reveal
previously unknown the interesting, and actionglaéerns based on the web access
log file in order to recommend possible measuresfdgher r improvement of the
official web site of AAU.

1.10.2. Specific objectives
To achieve the general objective of the reseahgretare specific objective should be
addressed, the specific objectives of the resesmeh
» To review literature review in the area in ordeptd concrete background and
justification for the research.
* To identify and collect the data
» To prepare those data set using different prepstogsechniques.
» To analyze the navigational behavior of the users.
* To analyze the sequence of the web site i.e. baseithe user navigational
behavior
» To interpret the interesting pattern to discovew n@owledge i.e. finding of
the research
 To draw conclusion based on the findings and ptssbplication of both
techniques for web usage pattern or navigationahber of users.

* To make some appropriate recommendations basdtarohclusions.
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1.11. Resear ch M ethods
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Figure 2:Research method flow
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1.12. Data Collection for the Study
In this study the data has been collected fronoffieial web site of the AAU, which
is normally secondary data source since web logrdscevery activity of the user

regarding to visit of the web site.

1.13. Data Selection

At present, towards web usage mining technolobg, rhain data origin has three
kinds: server data, client data and middle datax{grthe author of the paper, uses
server data that are kept in the official web eit&AU in the format of extended log

format, which is most apache server supports it.

1.14. Data preprocessing

According to olfa,et al, (n.d) , most log files &tél of junks that are insufficient,
inconsistent and including noise so the data pétrent is to carry on a unification
transformation to appropriate sets ; to have tismte there are some data cleaning

phases are important to implement.

1.15. Data Cleaning

In ref olfa,et al,(n.d), the purpose of data clegris to eliminate irrelevant items, and
these kinds of techniques are of importance fortgpg of web log analysis not only
data mining accordant to the purposes of diffemanting applications, irrelevant

records in web access log will be eliminated dudata cleaning.

In addition to the above those also include sonsses like, removing robot requests
(filtering out spiders or crawlers which are knowmngmoving duplicate requests
(removing “dust”), and Filtering relevant statusoge concepts will be described in
the Chapter Three).
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1.16. Data analysis

To address the objective of this research papterent data mining approaches have
been performed and some statistical analysis omldle set to get insight about the
web usage trends and reveal interesting navigdtipatierns from the web log

records.

1.17. Toolsfor Experiment

There are commercial and free available tools &gt according to Castellano, et
al, (2007), one of thdreely available tool for web log data preparaticalled
WUMprep which consists of a set of Perl scripts éteaning the web log file of
irrelevant and automatic requests and creatingaes it and its main purpose for
educational purpose, and Analia, et al., (2003),Wik&b utilization miner), Its
primary purpose is to analyze the navigational bhaof users in a web site,
furthermore ,Navigation pattern discovery is pearfed on the portion of the web
server log that contains the sessions.

The justification for why these tools are seledtegdiven in the chapter FOUR.

1.18. Interpret and report result
After excluding least interesting patterns from #ralysis result, those patterns that
are interesting and actionable ones have beerpmted and reported to be used for

reaching a conclusion in order to forward apprdpriracommendations.

1.19. Application of results

The hidden unknown information in log formats amgportant in understanding of
users navigational behaviors even if it is not gego know what will be the results
but some knowledge will be revealed by understandirthe general behavior of web
site users of AAU .it can be used for improving tieb site and it shows some way

for further study.
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1.20. Organization of the Thesis

This thesis organized as Six chapters ,the firsiptdr deals with the general
introduction to the research of the area in thisecahe AAU, including the
background of the Addis Ababa University in gengitadlso looks on development of
ICT, and how looks like the structure of the officiveb site, what are their main
purposes and later discusses statement of the epnpbfata collection ,data
preparation with other subtopics like, scope amitéition of the study; objective of

the study; research methods; etc.

The rest of this thesis is organized as followsaér 2 presents two main areas,

Literature review and related works regarding téeDaining and web usage mining.

Chapter 3 this chapter mainly deals with web usag navigational behavior based

on extended of the above chapter in terms of cdacep

Chapter 4 this chapter provides with methodologythis presents the researcher
points why select the tools for preprocessing &edaol for navigational behaviors in

general, research process how to achieve the olgect

Chapter 5 in this chapter the experiment conduatetidiscussed which are based up

on the methodology in the previous chapter.

Chapter 6 the last chapter, based on the expetiduere in the previous chapter, the
conclusions have been reached and recommendatibmwiaat it should be done for

the future or further work in this research area.
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CHAPTER TWO: LITERATURE REVIEW

2. Introduction

There are various definitions regarding to the eSenost common terminology in

web usage mining besides what it have been destrib the beginning of

thesis(terminology and definition), according toe thield of study the same
terminology can have different meanings.

In general, According to Lavoie, B., et al (1998¢re are different meanings by
authors in the WUM literature and W3C’s web Chagdzation Authority (W3C's

WCA).the summarize definitions are as follows.

Term W3C’'s WCA WUM Literature
User Person using a browser Login or cookie or iRI®, User
Agent)
User session Delimited user requests ou@elimited user requests on ope
multiple servers server
Visit Server session -
Episode Related user requests Related user requests

Table 1 : Terminology comparison table

2.1.Web L og Information

Since the thesis is about user navigational onaeelss using web usage mining that
is based on web server logs, it is important toeustaind what information web server

logs contain and types of log format.

A Web log is a file to which the Web server write$ormation each time a user
requests a resource from that particular site. Muag use the format of the common
log format Cooley et al., (1997a) furthermore, thase confirmed by (Lavoie, et al
(1999)the most popular log file formats (developgdhe CERN and the NCSA) are
the CommonLog Format (CLF) and an extended version of the=CCombined Log
Format, known as ECLF. In Accordanaith Berkan, y., (2002), the difference between

them is that the former does not store Referrerfsgwht information of the requests.
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According to Srikant, et al, only few fields areadable for navigational patterns
discovery, which If are added to the CLF make upgb called Extended combined
log format (supported by Apache Web Server).

2.2.Types of Log Format

Besides the above, the types of log formats carabegorizedinto four; those are Common,
extended, cookie and MS-IIS.

I.  Common: The Common log contains the requested resand a few other
pieces of information, but does not contain referuser agent, or cookie
information. The information is contained in a $&dle. The example is as

follows:

pi casso. wi Wi . hu-berlin.de - - [10/Dec/1999: 23: 06: 31 +0200]
"GET /index.htm HTTP/1.0" 200 3540

II.  Extended: An extended combined log format is aeresibn of the Common
log format. The Combined format contains the samf@rination as the
Common log format plushree (optional) additional fields: the referradld,
the user agent field, and the cookie field. Example as follows:

pi casso. wiwi . hu-berlin.de - - [210/Dec/1999:23:06:31 +0200] "GET
/i ndex. ht m HTTP/ 1. 0" 200 3540 "http://ww. berlin.de/"
"Mozillal/3.01 (Wn95; 1)"

[ll.  Cookie: Cookies take the form KEY = VALUE. Multipleookie key-value
pairs are delineated by semicoldns

pi casso. wiwi . hu-berlin.de - - [10/Dec/1999:23:06:31 +0200] "GET
/i ndex. ht m HTTP/ 1. 0" 200 3540 "http://ww.berlin.de/"
"Mozilla/3.01 (Wn95; 1)" "Visitorl D=10001; Sessionl D=20001"

> http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format
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IV.  MS-IIS: Kind of log format stores at server side of the Mdgoft web server

which normally known as MS-I1IS.

pi casso. wi Wi . hu-berlin.de, -, 10.12.99, 23:06:31, WSVC2, WW
100. 100. 100. 100, 547, 444, 0, 200, O, CET, /index.htm,6 -,

2.3.Contents of Log For mat

most apache formats are NCS%®mbined log format , Here are aingle format
example entry of the log file , is shown in An gn stored as one long line of ASCII

text, separated by tabs and spaces, based ona(Berk2002 ) (Cooley et al., 1997a).

66.249. 67.111--[ 12/ Dec/ 2010: 04: 26: 46+0300] " GET

/i ndex. php/ conponent / event s/ vi ew_week/ 1995/ 04/ 03 HTTP/ 1. 1" 200
28776 "-""Mbdzillal5.0(conpati bl e; Googl ebot /2. 1;

+ht t p: / / ww. googl e. coml bot . htm )"

The details of the fields in the entry are givernha following section.
Address

66.249.67.111

This is the address of the computer making the HiiékRiest. The server records the
IP and then, if configured, will look up the Domaikame Server (DNS) for its
FQDN.

RFC931 (Or Identification) :

Rarely used, the field was designed to identifyrdguestor. If this information is not

recorded, a hyphen (-) holds the column in the log.

Authuser:

® http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format
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List the authenticated user, if required for acc@sss authentication is sent via clear

text, so it is not really intended for security.igfield is usually filled by a hyphen.

Time Stamp :

[12/ Dec/ 2010: 04: 26: 46 +0300] [01/Nov/2001:21:56:52 +0200]

The date, time, and offset from Greenwich Mean T{@MT x 100) are recorded for
each hit. The date and time format is: DD/Mon/YY¥:MM: SS.

The example above shows that the transaction wesrded at04:26:46 on
12/ Dec/ 2010 at a location 3 hours forward GMT. By comparing dirstamps
between entries, it can also determine how lonigitovy spent on a given page that is
also used as a heuristic in determining sessions.

Target:

“GET /i ndex. php/ conponent / event s/ vi ew_week/ 1995/ 04/ 03
HTTP/ 1. 1"

One of three types of HTTP requests is recordethénlog. GET is the standard
request for a document or program. POST tells thees that data is following.
HEAD is used by link checking programs, not browseand downloads just the
information in the HEAD tag information. The spéciievel of HTTP protocol is also
recorded.

Status Code::

200
There are four classes of codes regarding to
1. Success (200 series)
2. Redirect (300 series)
3. Failure (400 series)
4. Server Error (500 series)
Transfer Volume:
1749
For GET HTTP transactions, the last field is thenber of bytes transferred. For

other commands this field will be a hyphen (-) @eso (0).
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The transfer volume statistic marks the end ofdabmmon log file. The remaining
fields make up the referrer and agent logs, addeéde common log format to create
the “extended” log file format. Let’s look at thefselds.

Referrer URL:

http://www.cs.bilkent.edu.tr/guvenir

The referrer URL indicates the page where thearisitas located when making the
next request.

User Agent:

Mozilla/4.0 (compatible; MSIE 5.5; Windows 95)
The user agent stores information about the broqwsesion, and operating system of
the reader. The general format is: Browser namessime (operating system)

2.4.0verview and Motivation of Data Mining

Data mining according Sulu, (2003), has emergednasof the most is exciting and
dynamic fields in computer science and softwardrergging. The term “data mining
“and “knowledge discovery in data base “or KDD aften used synonymously.
Knowledge discovery in data base is the processdenftifying valid, novel,

potentially useful, and ultimately understandaldégerns models in data.

Data mining is a step in, knowledge discovery pssceonsisting of particular data
mining algorithms that, under some acceptable caatipmal efficiency limitations,

finds patterns or model in data. Simply statedadatning refers to the process of
extracting previously unknown, valid and potengialiseful knowledge from data.
Similar to the above definition, according to 1&20Q5), refers as Data mining is

defined as the process of discovering patterngia.d

Another definition is that data mining is a vayiaif techniques used to identify
valuable of information or decision-making knowleddgn bodies of data, and
extracting these in such a way that they can begusse in areas such as decision
support, prediction, forecasting; and estimatiome Tata is often voluminous but, as
it stands, of low value as no direct can be madi df is the hidden information in
the data that is useful. For this reason data mirsroften referred to as “secondary”

data analysis.
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2.5.Limitations of Data Mining

While data mining products can be very powerfullgpthey are not self sufficient
applications. To be successful, data mining regusidlled technical and analytical
specialists who can structure the analysis andpree the output that is created.
Consequently, the limitations of data mining arenarily data or personnel related,

rather than technology-related.

Although data mining can help reveal patterns adtionships, it does not tell the
user the value or significance of these patterhes@ types of determinations must be
made by the user. Similarly, the validity of thetpens discovered is dependent on
how they compare to “real world” circumstances. Example, to assess the validity
of a data mining application designed to identibggmtial terrorist suspects in a large
pool of individuals, the user may test the modehgislata that includes information
about known terrorists. However, while possiblyaférming a particular profile, it
does not necessarily mean that the applicationigélhtify a suspect whose behavior

significantly deviates from the original model.

Another limitation, according to Brendit, (2011) d&ta mining is that while it can
identify connections between behaviors and/or Wdem it does not necessarily
identify a causal relationship. For example, anliagppon may identify that a pattern
of behavior, such as the propensity to purchadmaitickets just shortly before the
flight is scheduled to depart, is related to chimastics such as income, level of
education, and Internet use. However, that does@wdssarily indicate that the ticket

purchasing behavior is caused by one or more skthariables.

In fact, the Individual’'s behavior could be affedtby some additional variable(s)
such as occupation (the need to make trips on staiite), family status (a sick
relative needing care), or a hobby (taking advamtafglast minute discounts to visit

new destinations).

User Navigational Behavior Page 31



2.6.Data Mining Approaches

It have mentioned earlier that the web usage mirgnge application of data mining
.those Data mining have two approaches accordirfgrendit,2011), the approaches

is between undirected and directed data mininghBudescribe it like this:

"There are two styles of data mining. Directed dati@ing is a top-down approach,
used when we know what we are looking for. Thsnaitkes the form of predictive
modeling, where we know exactly what we want tdipteUndirected data mining
is a bottom-up approach that lets the data speakt$elf. Undirected data mining
finds patterns in the data and leaves it up to uer to determine whether or not

these patterns are importaht

But, there are no generally applicable rules on data mining should be performed,
» decision trees as a technique for prediction,
* neural networks as a technique for prediction,
* Navigation patterns in WUM as a query-directed teghe for pattern

detection.

2.7.Sour ces of Data for Web Usage Mining

Data that can be used for Web usage mining carolbected at one of these three
parts and thus we talk in ref with Berkan, y. (20@# those is:
* Server level collection:
The server stores data regardin@qUESES performed by the client, thus data
regard generally just one source;
* Client level collection:
It is the client itself which sends to a repositorformation regarding the user's
behavior (this can be done either with an ad-h@evbing application or through
client-side applications running on standard brog)se
* Proxy level collection:
Information is stored at the proxy side, thus Weakbadegards several Websites,

but only users whose Web clients pass through ritweyp
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2.8. Taxonomy of Web Mining

In ref Bamshad et al ,(n.gyveb mining are classified in three main areas giga
web content miningweb structure mining and web usage mining ,thaildef those

will be discussed in the followinsection 2.8.1.
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Figure 3: Taxonomy of Web mining,

2.8.1. Web Usage Mining: WUM

Web usage mining can also be defined as the apiphcaf data mining techniques
discover user web navigation patterns from web sxZalane et al,(1998), in
addition to that, generalized definition accordatzdBerkan,(2002) The aim of ¢
general web usage mining system is to discoverrgebehavior and patterns frc
the log files by adapting w-known data mining techniques or new approa
proposed

the sources of the data for web usage mining acenskry data as pviously
discussed such as web server access logs, broager,user profiles ,registrati
data, user sessions or transactions and othekeunfliweb structure and web cont
which uses primary dat&urthermore, has advantage, accordingGauHui et al ,
(2008 ),to enhance the usability of the web information apgly the technology 1
the web application, For instance, -fetching and caching, personalization, tal

advertisement, improving web design, improvingsfattion of customer, gLing the
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strategy decision of the enterprise, and markedinglysis etc, in addition there are
also more goals Lita,et al (2004), includes ,
» The improvement of site design and structure,
» The generation of dynamic recommendations,
* And improving marketing
Finally, according to Jaideep, et al., (n.d) generalizedets usage mining focuses on

techniques to search for patterns in the user behaten navigating the web.

2.8.2. Web Structure Mining: WSM

The category of structure mining, according toal&r(2000),structure is defined by
"hyperlinks between pages and HTML formatting comds within a page” but
further explained by Lita, et al (2004), Accordit@ him, structure mining which
focuses on link information. It aims to analyze thay in which different web
documents are linked together, mining the link ctiee aims at developing
techniques to take advantage of the collective losiun of web pages’ quality which
is available in the form of hyperlinks Henri et, §2000), where links on the web can

be viewed as a mechanism of implicit support.
2.8.3. Web Content Mining: WCM

Web content mining is a research field focusedhendevelopment of techniques to
assist a user in finding web documents that memriain criterion. The contents of
most of the web pages are texts. According to tksif2000), graphics tables, data
blocks and data records are also kind of contewtl page can have so that web
content mining issues for the of improving the teorts of the web pages, improving
the way they are introduced to the website usepraming the quality of search

results, and extracting interesting web page casten
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2.9.Techniques of Web Usage Mining

It is very difficult to classify a specific technig for web usage mining; techniques
are combined together in discovering web usagengjriut In general the techniques

applied to web usage can classified according tadbad et al ,(n.d)), are:
Statistical Analysis

Statistical techniques are the most common methodextract knowledge about
visitors to a web site. By different kinds of ggéical analysis (frequency ,median
,mean ,etc ) of the session file ,one can extratisical information such as the most
frequently accessed pages ,average view time dige jpr average length of path
through a site .According to Federico et al (200@®,kind of analysis is performed
by many tools, available also for free, and its &rno give a description of the traffic
on a Web site, like Most visited pages, averaghy dis, etc.

In reference with Bamshad. et al ,(n.d), generdlizs this kind of analysis is
performed by many tools, available also for frew] @s aim is to give a description of

the traffic on a Web site, like most visited pageg&rage daily hits, etc.;
Association Rules

Association rules capture the relationships amteggs based on their patterns of co-
occurrence across transactions .Given a set gfdcdions, where each transaction is a
set of items, an association rule is an expressidghe form X=>Y, where X and Y
are sets of items such that no item appears mare adhce in X u Y. the intuitive
meaning of such a rule is that transactions indédtabase which contain the items in
X tend to also contain the item in Y. According Maja (2011), two common
numeric quantifies how often the items in X and ¥cur together in the same
transaction as fraction of the total number of $eations.

In the ref Kobra (n.d)), describes the associatioles in context of web usage
mining, refers to sets of pages that are accesggdhter with support value exceeding
some specified threshold.

Furthermore explained, in Federico et al (200®)learly indicates that these pages

(sets of pages) may not be directly connected ® amother via hyperlinks. For
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example, using association rule discovery techrigue can find correlations such as
following.
» 40% of users visit the web page with URL/home/paged the web
page with URL/home/page2 in same user session.
» 30% of users, who accessed the web page with URiéhmroducts,
also accessed /home/products/computers.
According to Bamshad et al ,(n.d)), generalizethasmain idea is to consider every
URL requested by a user in a visit as basket diaian) and to discover relationships

with a minimum support level between them.

Sequential Patterns

This discovers frequent subsequences as patterss Sequence data base, in an
important data mining problem with broad applicasipincluding the analysis of
customer purchase behavior, web access patterigsitiSsc experiments, disease
treatments and so on. According to (Kobra,E.,jn8¢quential pattern mining finds
all of the frequent subsequences, i.e., and thesesulences whose occurrence
frequency in the set of sequences is no less thansopport.
In web server logs, a visit of a user is recordeetr @ period of time .a time stamp can
be attached either to the user session or to tHwidlual page requests of user
sessions .By analyzing this information with sediadpattern discovery methods, the
web mining system can determine temporal relatipsshmong data items such as
the following:
> 30% of users who visited /home/products/dvd/moviead visited
/home/products/games with in the past week.
> 40% of users request the page with URL /home/prséimonitors
after visiting the page /home/products/computers.
In ref with Bamshad et al, (n.d)), generalized #teempt of this technique is to
discover time ordered sequences of URLs followegést users, in order to predict

future ones.
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Clustering

According to Kobra (n.d)), clustering is a techuggo group together a set of items
having similar characteristics .in the web usagenaa, there are three kinds of
interesting clusters to be discovered: session clusters;"@iser clusters; '$page
clusters.

Session clustering implementation allows clustehgiser sessions in which users
have similar access patterns. Clustering of usardst to establish groups of users
exhibiting similar browsing patterns. In ref (Cdsteo, G., et al , 2007 ), Page
clustering can be partitioned into two methods. fitst is to cluster pages according
to their contents .For this method an analysidiefdontent of web site is needed .the
second method computes clusters of page referdrasesi on how often they occur

together.

In ref with Robert, C., et al, (1997), generaliz=dmeaningful clusters of URLs can
be created by discovering similar characteristiesveen them according to user’'s

behaviors.

Classification
Classification is the task of mapping a data iteto bne of several predefined classes
Robert et al, (1997), In the Web domain, and orieteyested in developing a profile
of users belonging to a particular class or categdhis requires extraction and
selection of features that best describe the ptieigeof a given class or category.
Classification can be done by using Maja, (2011)pesvised inductive learning
algorithms such as decision tree classifiers, ndayesian classifiers, k-nearest
neighbor classifiers, Support Vector Machines Ets.example, classification on
server logs may lead to the discovery of intergstirles such as:

» 30% of users who placed an online order in /Prdducdic are in the 18-

25 age groups and live on the West Coast
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2.10. Related works

Data mining techniques are not easily applicabl®/eb data due to problems both
related with the technology underlying the Web dhd lack of standards in the
design and implementation of Web pages. Web usagmgnis a research field that
focuses on the development of techniques and toosdudy users’ web navigation

behavior.

2.10.1. Related Workson the Tools

The “WEBMINER” tool of (Bamshad.m. et al, (n.d)jopides a query language on
top of external mining software for associationesuland for sequential patterns.
However, the expressiveness of the language isiatest by the input parameters
acceptable by the miner to the best of our knowdedgrrent miners do not support
generic specifications on the structure of theepatt to be discovered, e.g. page

revisits, cycles etc.

The other related works on tools on SpeedTracerpiling to Ballman, et al (1997),
SpeedTracer is a web usage mining and analysiswbih tracks user browsing
patterns, generating reports to help Webmasteretimer web site structure and
navigation. SpeedTracer makes use of Referrer agdntAinformation in the

preprocessing routines to identify users and sesessions in the absence of
additional client side information. The applicatiamses innovative inference

algorithms to reconstruct user traversal pathsidewatify user sessions

Advanced mining algorithms uncover users' moventlerugh a web site. The end
result is collections of valuable browsing patterthst help Webmaster better
understand user behavior. Further explained irptper that generates three types of
statistics: user-based, path-based and group-badedr-based statistics point
reference counts by user and durations of accesth-lRased statistics identify
frequent traversal paths in web presentations. (Bbmsed statistics provide

information on groups of web site pages most fratyeisited.
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2.10.2. Navigation Pattern Discovery Tools

There are some web usage miner tools which carsée to the navigational pattern
discovery for web user behavior of the web sitepading to Bettina, et al (1999), the
two most important tools for navigation pattern,dv8DAS, and WUM tools. The
main difference between them are MiDAS designeti tie demands of e-commerce
application in mind and its commercial products welas, Carsten et al(2000) the
WUM are free source web utilization miners, buthbof them are equipped with a
mining language.

According to Sulu (2003), the query processor @®iporated to the miner in order to
specify characteristics of discovered paths tha mmteresting to the analyst.
Incorporating the mining language early in the mgnprocess allows the construction
only of patterns that have the desired characierishile irrelevant pattern are
removed. However, no performance studies were tepp@nd the use of query langue
to find patterns with predefined characteristicsymarevent the user finding
unexpected patterns.

The number of tools and their application a lotwairks are done because of it is
broad research activity and also the extensiveotifee WWW, most widely tools are
summarized as by Jaideep, et al (n.d)) ,followshwtheir Applications namely

General , Business ,site modification Charactdonadnd personalization.

User Navigational Behavior Page 39



Project APPLICATION DATA Source DATA Pe User Site
FOCUS Serves Proxy CliefiStructure | ContentUsag | prof | single | multi single | multi
e ile
WebSIFT General X X X X X X
SpeedTracer General X X X X
N R N N Y S O I L
Shahabi General X X X
Site Helper Personalization X X X X X
Letizia Personalization X X X X
Web Watcher | Personalization X X X X X X
Krishnapuram | Personalization X X X X
Analog Personalization X X X X
Mobasher Personalization X X X X X
Tuzhilin Business X X X X
SurfAid Business X X X X X
Buchner Business X X X X X
WebTrends,Hitlis | Business X X X X
,Accurue,etc
WebLogminer | Business X X X X
PageGather,Sfl: Site Modification X X X X X X
" The WUM(web utilization miner ) are going to implement for web usage navigational pattern in the paper
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ML

Manley Characterization X X X X X
Arlitt Characterization X X X X X
Pitkow Characterization X X X X X X
Almedia Characterization X X X X
Rexford System Improve X X X X

Schecher System Improve X X X

Aggarwal System Improve X X X

User Navigational Behavior

Table 2 :Web usage mining research projects ardupts.
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2.10.3. Related worksin Advances Web Usage Mining

Web usage mining encompasses studies in which letlgel is obtained through the
analysis of web usage. This covers correlationsrgmaroducts or web pages, market
segmentation on the basis of user demographicart@cests, as well as analysis of a
site’s success.

In Abhishek et al (2011), correlated but not linkee&b pages are discovered by
clustering pages requested together by the siisitors. This approach can be used to
construct dynamic web pages automatically that igdeJinks to pages considered
relevant by earlier visitors Pierre, B., et al, &R

In the SurfAID project, a warehouse over web usdga is established and time series
analysis is combined with association rules to alisc unexpectedly evolving
correlations among products (Abhishek, et al, 20afpose the establishment of a
warehouse, in which web usage data are combinet wiistomer data, concept
hierarchies on page contents and user demograpisiegll as enterprise knowledge, e.g.
in the form of previously discoveredles Myra,S., & Lukas C. (n.d). . Althougrser
activities form the basis of these types of analysie issue of improving the site itself is

not addressed.

The discovery of web usage patterns with conveatiamning techniques is proposed in
Tianyi, (1995), discover frequently accessed pathapplying a methodology similar to
the discovery of association rules organize URIluests into user sessions Bamshad et al
,(n.d)) and then apply association rule discoveng a&equence mining to extract
correlations among pages Berendt, et al,(2@@0pose a similar approach for mining
frequent traversal paths and groups of most fretfpensited pages Masseglia,et
al,(n.d),Contribute an approach for mining dynamndigtabases more efficiently for
sequences. However, In Carsten et al., (2000%sitdean shown that conventional mining
algorithms are not appropriate for the discoverweb usage patterns, because
v' Modeling navigation patterns as associations owueeces oversimplifies the
problem and
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v Statistical measures like frequency of accesstaoesimple for navigation
pattern discovery.

The different conception of navigation patternswestn WUM and other sequence
miners is due to the fact that they concentratpaiterns that reflect correlations among
events (here: page accesses).

WUM focuses rather on depicting and exploiting tlaeigation behavior of user groups,
in order to improve the web site accordingly. Qustfresults have shown that the model
of navigation patterns is appropriate in this cehtéarsten et al (2000), but also that it
must be accompanied by a model that measures gdves success and by a procedure
for the mining process. In this study, we preséet ¢complete framework of modeling

success and navigation behavior and combiningibed improve the success of a site.

Also apply OLAP technology to analyze web usage afyfn.d), for e-commerce
applications. The data of interest in this contextude not only web logs, but also a
concept hierarchy, background knowledge of the gxpe well as previously discovered
results. The study reveals the importance of edagtally capturing and exploiting data
from multiple sources in order to perform web usageing. However, the work presents

no results on how those different information asse¢ combined during analysis.

The miner proposed in Navin, et al (20H)covers statistically dominant paths using a
methodology for the discovery of association ruldewever, the assumptions made on
building those paths are rather over-restrictiva. iRstance, visitors of a web page do not
usually visitall children of this page, with the exception of certapplication domains

like electronically available course material.

The association rules target goal that on discogeall frequent patterns among the
transactions, the problem originally initiated B\g(awal et al) and is based on detecting
frequent item sets in the market basket. But in ¢batext of web usage mining,
association rules refer to set of page that aressea together. Usually these rules should

have a minimum support and confidence to be valid.

Further explained in Enrique et al (2000), The Apralgorithm is widely accepted to
solve this problem. Association rules can be usedetstructure a web site, to find
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shortcuts, an application especially useful foraleiss devices or to prefetch web pages to
reduce the final latency the data used to obta&iquent patterns in a web mining problem
has a very important characteristic: it is seq@niihe user accesses a set of pages in a
given order and it is very important to capturestbrder in the final model obtained.
Unfortunately, the two previous methods lack anydkof representation of this order.
Clustering identifies groups of pages that are ssm@ together without storing any

information about the sequence.

Association rules indicate the miner proposed ne of the earliest works in this are
discovers statistically dominant paths using a wddthogy for discovers statistically
dominant paths using a methodology for the disgowéra web site association rules.
The “Foot prints “ tool of records the footpririft behind by web site visitors and
accumulates them into frequently accessed paths. “PageGather” tool of uses a
clustering methodology to discover web pages dsitgether and to place them in the

same group.
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CHAPTER THREE: WEB USAGE MINING AND
NAVEGATIONAL PATTERN

3. Introduction

Web usage mining is application of data mining teghes to discover user access
patterns from web data. Web usage data capturesmweising behavior of users from a

web site. Web usage mining can be classified acogto kinds of usage data examined.
In our context, the usage data is Access logs oresaide, which keeps information

about user navigation. Further explained in Suly(2B03), Web usage mining is the
process of identifying representative trends armavbing patterns describing the activity
in the web site, by analyzing the users’ behawdeb site administrators can then use
this information to redesign or customize the wéb according to the interests and

behavior of its visitors, or improve the performaraf their systems.

3.1. The General Process of Web Usage Mining

Today, understanding the interests of users isrhgrpa fundamental need for Web sites
owners in order to better serve their visitors bgkmg adaptive the content and usage,
structure of the site to their preferences. Thdyaisof Web log files permits to identify
useful patterns of the browsing behavior of usergkvcan be exploited in the process of
navigational behavior.

As it have mentioned earlier , Web Usage MinindJM) is the process of knowledge
discovery and analysis of Knowledge from World Widleb, represents a rather recent
research field devoted to discover behavioral pagtdom Web usage data.

As in Zalane et al (1998), the general processe&/dM distinguish three main steps:
data preprocessing, pattern discovery and pattealysis.

User Navigational Behavior Page 45



Content and
Structure Data

- — = -
(F’reprocessina Pattern Discovg I@ﬂem Analy@

e e B \\m____ ____// .
r J\ J X J
L ¥ 6% LY
Raw Usage Preprocessed "Interesting”
Data Clickstream R;J:l%s;;ﬁ%rcr;s. Rules, Pattems,
Data = and Statistics

Figure 4: High Level Web Usage Mining Process Jaideep, et al (n.d), page 4

3.2.Data collection

Data for web usage mining can be collected at sé\@rels. According to Kerkhofs et al

(2001), may be faced with data from a Single uses multitude of them on one hand

and a single site or a multitude of sites .The sdamay of data collection is on the Web

server level. These servers explicitly log all usehavior in a more or less standardized

fashion. It generates a chronological stream obti@sts that come from multiple users

visiting a specific site, but according to Briamd,al ,(2005) can be the collection of the

data for web usage mining most commonly from:

* The web usage data includes data from web sereesadog, proxy server

* Logs, browser logs, user profiles, registratioragdabokies, and user queries.

Besides to the major sources of the data which haametioned above but, there are also

some other resources for web usage mining. AccgrtbhnCastellano, et al (2007) the

following can be the source of the data.

 E-commerce and product-oriented user events (dgppsng cart changes, ad or
product click-through, etc.)

« Meta-data, page attributes page content, sitetateic
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A different researchers uses different collectiomsr a time for web usage analysis in
accordance with Berkan, vy.,(2002), were collectedd period of two weeks for Logs

Preprocessing and Sequential Pattern Extractidm vatv Support.

3.3.Data pre-processing

In ref with Dipa, (2010), Data pre-processing is immportant step in the knowledge
discovery process, because quality decisions asedban quality data, more ever, this
idea of importance of preprocessing steps disaussiaji, et al, (2007), emphasis on
fundamental role in achieving meaningful and rdéabesults from WUM process,

without effective preprocessing the results obi@iwél have negative impact on the next

steps of the process (pattern discovery and padteatysis.

It is important to understand that the quality diata key issue when we are going to
mining from it. In ref with Suneetha et al (2009garly 80% of mining efforts often
spend to improve the quality of data, furthermane, attributes that we can look for in
quality data includes accuracy, completeness, stargy, timeliness, believability,

interpretability and accessibility.

3.4.Tools of Preprocessing

Most existing tools provide mechanism for reportuger activity in the servers and
various forms of data filtering. By using thesel$paletermination of the number of
accesses to the server and to individual files,trpopular pages, the domain name and
URL of the users who visited the site can be sqlMaat not adequate for many
applications ,Furthermore, In ref Cooley et al991a) the administrator of a system has
an access to the server log. However, the patfesiteousage cannot be analyzed without
the use of a tool. Therefore, Data Mining methamihd ease the System Administrator
to mine the usage patterns of a particular sitees&€htools have no ability in-depth

analysis and also their Performance is not enoaghudge volume of data.

Researchers have shown that the log files contdticad and valuable information that
must be taken out. It makes web usage mining a lpappesearch area for many

applications in the recent years.
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There are commercial and free available toolsearsts ,according to Castellano, et al
(2007 ),one of the freely available tool for welg Idata preparation called WUMPrep
which consists of a set of Perl scripts for clegnihe web log file of irrelevant and

automatic requests and creating sessions in it i@snanain purpose for educational
purpose. According to Dipa, (2010), the other op®urce preprocessing tools are
WUMprep4Weka; those tools are designed to work WitBKA, unlike of WUMprep

which designed to use with WUM (web utilization mi

According to Castellano et al, (2007), there amnmmercial preprocessing tools but the
most common tools on tare LODAP (Log Data Prepremgsand EasyMiner, the later

developed by MINEit software Itd, both of them dgmd to understand the most
common log file formats .they designed to take trpg files related to a Web site and
outputs a database containing some statistics apageés visited by users and the
identified user sessions. The preprocessing ofilegis aimed to the preparation of Web
data in order to mine significant usage pattern&ep feature of LODAP is the wizard-

based interface that guides the user during therpeessing of the log data.

3.5. Data Cleaning

First of all, irrelevant data should be removeddduce the search space and to bias the
result Space. Since the intention is to identifgrusessions, build up out of page views,
not all hits in a Log file are necessary. Since ViEpfiles record all user interactions,
they represent a huge and noisy source of datan afomprising a high number of
unnecessary records.

According to Castellano et al, (2007), the daéaing is intended to clean Web log data
by deleting irrelevant and useless records in otdeetain only usage data that can be
effectively exploited to recognize users’ navigatibbehavior.
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3.6. Removing Unnecessary Records

According to Enrique et al ,(2000), there are tvwadk of records are unnecessary and
should be removed: firstly the records of graphitdeos and the format information The
records have filename suffixes of GIF,JPEG, CS8,sanon, which can found in the URI
field of the every record; In ref Mohd, et al , (®0),For example, by filtering out image
requests, the size of Web server log files reducdelss than 50% of their original size
Secondly, the records with the failed HTTP statdeg by examining the Status field of
every record in the web access log, the records stdtus codes over 299 or under 200
are removed. It should be pointed out that diffefemm most other researches, records
having value of POST or HEAD in the Method fielde aeserved in present study for

acquiring more accurate referrer information.

3.7. Types of Robots

In a number of literatures there many types of telimut according to brendit, (2011),
two types of robots can be distinguished (categd)ias:ethical robots and 'unethical
robots'.

Ethical robots take by the "netiquette(interneesiifor robots" or : Before they access
any page of a site, they access the file robotmtrtder to see what they are allowed to
visit and index, and what not. Furthermore expldine that, ethical robots have two
effects: First, they show their "robot identity'hdasecond, they only access pages they
are allowed to see. Unethical robots don't do iy may not even access robots.txt.

There are ways to detect whether it's a robot arbased on requests to the web server,
according to Jose et al., (2007); two subsequenterss for the same URL are collapsed
into one if the time between the requests did naeed a threshold, e.g., 5 s. This
threshold can be longer than that for robots bexa@uperson needs more time than a
program to make a renewed request. But AccordingifRa al, (2009) the most widely
accepted threshold for of 2 seconds between twsemutive requests the entries that
corresponds to robots can be eliminated.
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Exclusion of robots

The most important step of data cleaning was thewal of robot accesses from the log
data. According Castellano et al, (2007), the t&ohot’ to refer to any programmable
software agent that does not access a site integhct Furthermore, explained in the
paper, these requests can mislead the analyst)detaese sequences do not reflect the

way human visitors navigate the site.

In ref Berkan, (2002), Requests originated by Webots. Log files may contain a
number of records corresponding to requests otiggthy Web robots. Web robots (also
known as Web crawlers or Web spiders) are progrdras automatically download

complete Web sites by following every hyperlinkerery page within the site in order to
update the index of search engine. Requests crégtdtieb robots are not considered
usage data and, consequently, have to be remoweidemtify web robots’ requests, the

data cleaning module implements two different rstios.

Firstly, all records containing the name “robots.ir the requestedADIS International
Conference Applied Computing 2007 resource namelLjl#re identified and straightly

removed.

The second heuristic is based on the fact thatithelers retrieve pages in an automatic
and exhaustive manner, so they are characterizec lwery high browsing speed
(intended as total number of pages visited/totaétspent to visit those pages).

Hence, for each different IP address we calcula¢ebrowsing speed and all requests
with this value exceeding a threshold (pages/secaralregarded as made by robots and
are consequently removed. The value of the thrdslokstablished by analyzing the

browser behavior arising from the considered ltgsfi
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3.8. User and Session | dentification

Once the web log file is processed and all théewiant entries have been removed, it is
necessary to identify the users that visit to tite. sSThe task of user and session
identification is found out the different user sess from the original web access log. In
ref (Rajni, P., et al 2009), User’s identificatiam to identify who access web site and
which pages are accessed.

But this task is not easy because few web sitat ukes authentication to access the
resource so the web records, only records theovisithost and user agent. Further
explained by Castellano et al,(2007), the problemidentify the user identification

getting worst because different visitors sharirgy game host cannot be distinguished. In
addition to that, if proxy servers are used, tr@bf@m becomes even more sensitive. The
only way to identify a user in ref Rajni, (2009) tse Cookies or authentication

mechanisms make the identification of a visitor Siiole, but are undesirable due to

privacy concerns.

The goal of session identification is to divide fage accesses of each user at a time into
individual sessions. A session is a series of waep user browse in a single access, or
according to Castellano et al, (2007), A sessiomasle up of all the visited pages by a
user, the technique is based on establishing attineshold, so if two access take more
than the fixed time thresholds, it is considere@ a&w session, most accepted threshold
of 30 minutes or 1800sec but according to Jose al ef2007), threshold of most
commercial products establish a threshold of 25rtutas.

3.9. Applications of Web Usage Mining

The general goal of Web Usage Mining is to gathégresting information about users
navigation patterns (i.e., to characterize web g)sérhis information can be exploited
later to improve the web site from the users’ viewmp The results produced by the
mining of web logs can use for various purpases

» To personalize the delivery of web content;

* To improve user navigation through prefetching eaching

* To improve web design; or in e-commerce sites.
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» To improve the customer satisfaction

Per sonalization of web content

Web Usage Mining techniques can be used to prguédsonalized web user experience.
For instance, it is possible to anticipate, in ta@ak, the user behavior by comparing the
current navigation pattern with typical patternsahhwere extracted from past web log.
In this area, recommendation systems are the nosstnon application; their aim is to

recommend interesting links to products which cdugdinteresting to users (Federico et

al, 2000), Personalized Site Maps are an exampiecoinmendation system for links.

Prefetching and Caching

The results produced by Web Usage Mining can beloggd to improve the
performance of web servers and web-based applnsatlaikas, (n, d), further explained
that Typically, Web Usage Mining can be used twettgp proper prefetching and
caching strategies so as to reduce the servernsspione.

Support to the Design

Usability is one of the major issues in the desigd implementation of web sites. The
results produced by Web Usage Mining techniquespcavide guidelines for improving
the design of web applicationdJses output to evaluate the organization and the
efficiency of web sites from the users’ viewpoiAcording to Federico et al (2000),
Exploits,Web Usage mining techniques to suggesperanodifications to web site.
Adaptive Web sites represents a further step.ifndhse, the content and the structure of
the web site can be dynamically reorganized acogrth the data mined from the users’
behavior.

E-commerce

Mining business intelligence from web usage datadrsmatically important for e-

commerce web-based companies. in ref with (Suly2@3). Customer Relationship
Management (CRM) can have an effective advantage the use of Web Usage Mining
techniques. In this case, the focus is on busispegific issues such as: customer

attraction, customer retention, cross sales, astbmer departure.
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3.10. Navigational Pattern and Sequence

According to Lukas (n, d)sequencas an ordered list of items, in our case Web pages,
ordered by time of access. In the pioneering wdrlseguence mining is defined as
follows: “Given is a collection of transactions erdd in time, where each transaction
contains a set of items”.

The goal is to discover sequences of maximal lettggh appear more frequently than a
given percentage threshold over the whole collaecticA frequent sequence is
“maximal,” if no sequence containing it is als@duent. If we instruct the miner to find

only maximal frequent sequences, we obtain fewdmaare compact results.

In the ref Berendt et al, 2000, the definition bétsequence mining problem has an
implication: The items constituting a frequent seaee did not necessarily occur
adjacently. They just appear in many data recondshe same order. This is often
desirable: When we investigate the causes of matufag errors, we only want the

sequences containing error and cause, not the mamts in between. The same is true

when we search for operating system signals.

Comparison of GSP and AprioriAll
According to Murat et al (n.b)),On the synthetidad®ts, GSP was between 30% to 5

times faster than AprioriAll, with the performangap often increasing at low levels of
minimum support. The results were similar on thee¢hcustomer datasets, with GSP
running 2 to 20 times faster than AprioriAll. Theaee two main reasons why GSP does
better than AprioriAll.
* GSP counts fewer candidates than AprioriAll.
» AprioriAll has to first find which frequent item teare present in each element of
a data-sequence during the data transformation,ttzerd find which candidate
sequences are present in it. This is typically seha¢ slower than directly
finding the candidate sequences.
GSP, a new algorithm that discovers these genethkequential patterns and has the
following advantages for example.
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« Empirical evaluation using synthetic and real-titga indicates that GSP is much
faster than the Apriori.

o All algorithms presented in GSP scales linearlyhwihe number of data
sequences, and have very good scale up properiiesegpect to the average

data-sequence size.

Output: A set of navigation patterns.
1. Generate the set of All gSequences by travetbmdg\ggregated Log:

a) For each order-preserving sequence of nodes <nl:; ; nk>inabranch product

i. The web page referred to in ni satisfies thpeti predicates for variable vi.
ii. The position of ni in the sequence is allovisdthe template.
ili. The occurrence number in ni is permitted var
then add d to All gSequences.
2. Construct the navigation pattern for each g-eage d in All gSequences:
a) Compare d with the g-(sub)sequences alreadlyeirset Tested gSequences 3
test if it can be rejected without building thesigation pattern.
b) If d is not rejected, construct the navigatiattern for it:
i. Find all branches of the Aggregated Log thatfoom to d.
ii. Merge at each element of d.
iii. Compute the supports of the nodes producethbyging.
iv. Test the C predicates against the navigatettem.
v. If d is rejected
then store the smallest prefix that caused thectieje in the set Tested gSequenc
marking it as R(ejected).
else store d in Tested gSequences, marking itlas&gsful).

c) If d is not rejected, then output its navigatpaitern.

11%

ind

Figure 5: The mining Algorithms of WUM
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3.11. Navigation Patterns and I mportant to Discover

Navigation pattern can be defined as a graph lagitiording to a pattern descriptor.
Obviously, the patterns to be discovered must lserdeed according to more general
criteria. In particular, Murat et al (n.b)), we ndeea way of specifying the
“interestingness” of navigation patterns, as sulyely conceived by the mining expert.
We suggest that, informally, “interestingness" isgecification concerning given an
“interestingness descriptor”, it must build all Gmmant navigation patterns by assigning
appropriate values to all components of the stat¢émet explicitly specified. In WUM,
Mary et al, (2000), an “interestingness descripisra query in our mining language,
MINT.

3.12. Knowledge Discovery Queries

Similarly to Lukas, (n, d)we believe that good mining results require aeliogeraction

of the human expert and the mining tool, in whitle texpert uses her/his domain
knowledge to guide the miner. Therefore, WUM pregc mining query language, with
which the expert can specify the subjective chargtics that make a navigation pattern
of interest to her/his.

The notion of interestingness based on beliefssisudsed in Dietmar, et al (n.d) a belief
is a rule of the form A->B, which is expected to fbee. The same study proposes
mechanisms for the verification of beliefs and thgcovery of belief violations in the
context of association rules. To the best of ouowedge, there is no respective
formalism for beliefs on sequential patterns. HogreWINT allows the specification of
beliefs or belief violations as predicates. Preisacan also be used to specify the
structure or statistics a navigation pattern shbalde to be of significance. Thus, besides
the classical mining criterion of a support thrddhanuch more elaborate criteria are
supported.
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3.13. Pattern Analysis

Pattern analysis is the last step in the overalb\Weage mining process in accordance
with, challenge of pattern analysis is to filterinteresting information and to visualize
and interpret the interesting pattern to users.

The motivation behind pattern analysis is to filbet uninteresting rules or patterns from
the set found in the pattern discovery phase. Kaeteanalysis methodology is usually
governed by the application for which Web miningd@e. The most common form of
pattern analysis consists of a knowledge query am@sm such as SQL or MINT query.
According to Dietmar, et al (n.d) there is anotii&thod is to load usage data into a data
cube in order to perform OLAP operations. Visudl@a techniques, such as graphing
patterns or assigning colors to different values) often highlight overall patterns or
trends in the data. Content and structure inforonatian be used to filter out patterns

containing pages of a certain usage type, congeet br pages that match
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CHAPTER FOUR: METHODOLOGY

4. Overview of the methodology process

According to Dipa,(2010), web usage mining havee¢hmain process in order to
discover a knowledge from the data ware house,cauth paper use for his work
according to this researcher, described abovs, iecessary to perform three steps, see

fig 5,but the detail of those how to accomplishsthanain process are described below.

Log File \
o, l > -

Data preparation

or Data cleaning

|
. "

Pattern Discovery

\ll

Pattern Analysis

\l[

Knowledge

Discovery

Figure 6: web mining usage main process to discover knowledge.
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4.1. Tools Selections for Preprocessing

As stated earlier in chapter ,there a lot of toades for preparing a dataset for the
intending purpose but the selection of those ti®lsiot easy since every tool have
designed for specific purpose but none of them ctigive a good output unless they
combine each other in order to meet efficient outphe author of this paper selects the
two major tools(\WUMprep) and WUM (web utilization miner) to meeetbbjective of

the research i.e. navigation behavior of the wedrausThe explanation of the why those

tools are selected, given below.

The author choose the WUMprep tools because Dafzapation using WUMprep scripts
is a straightforward and efficient one time proaedthat prepares the data, Its primary
purpose is to be used in conjunction with the Weage miner WUM, but WUMprep
might also be used standalone or in conjunctiom wiher tools for Web log analysis.
Therefore, the author found no need to implemesitdaita preparation into navigational
discovery software, besides to that even if the WWislve some capabilities of
preprocessing, but does not support the main ptepsophases such as removing robot

hosts and etc.
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Extended log format of AAU
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Figure 7: the research model
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As it have been mentioned in the above figure 6¢clwbBhows how the objective could be
achieve, even if the preprocessing done using thdfep, the researcher regulate the
configuration of the tool to meet the objectiveheTdata cleaning is done based on the

following criteria.

4.2. Removing Irrelevant Records and Status

The removing of irrelevant records are significaatit have mentioned in the chapter
three , as these requested log files are not@miyain requests to the pages comprising
the Web site, but also requests of images, saiptembedded in these pages.

The author of this paper uses to remove those edeldeextension of files should be
removed because these “secondary” requests areerded for the analysis and thus
irrelevant (they must be removed from the logs t@efaining). Those requests are in the
following table with their definitions:

\.ico, A file format used for icons in the operating syste

\.gif, A popular format for image files, with built-in gatompression

\.jpg A file extension indicating a file of JPEG filerfoat; i.e., a digital picture

\.jpeg, A file format commonly used for image compressiddn image file in that
format

\.css, This is a document format which provides a setyiesules which can then
be incorporated in an XHTML or HTML document

\.JPG The most common image compression format useddiaticameras.

Table 3: Irrelevant list of requests
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Beside to that, the author only interested on regwéich only have the status 200 series,
because concern only successful requests whichlynstiows the users who get what
they want and the other requests’ are not negarame .

In general, according to the researcher these ségudd not represent the effective
browser activity of the user visiting the site; berthey are deemed redundant and should

be removed.

4.3. Removing Robots

The author of this paper strongly believes to dgiish between human users and hosts
that are robots, there exist several heuristicst dmve mentioned above in chapter,
section three. They are implemented in the sdFipstly, all records containing the name
“robots.txt” in the requested resource name (URE)identified and straightly removed

from the original log files.

4.3.1. Removing Duplicate requests

If a network connection is slow or a server's re@spbme is low, a visitor might issue

several a successive clicks on the same link bef@eequested page is finally showed
in his browser. Those duplicate requests are nioigee date and should be removed. The
author of this paper uses, the most widely accetttezshold for of 2 seconds between

two consecutive requests the entries that corresptnrobots can be eliminated.

4.3.2. Sessionize

A session is a contiguous series of requests framgle host (in context of web usage
mining , a session requested of series pages ordene ) Multiple sessions of the same
host can be divided by measuring a maximal page tirae for a single page, the author
uses a Session which is computed by taking any tiiRé stamp ,to achieve theses the
researcher uses the most accepted time thresiwbiidh is 1800 sec or 30 min to

identify the sessions using the these timestamp.
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4.4. Dividelog format

The preprocessed data needs to be dividing intcageable size before feed into WUM
because it takes long time to process the datthescesearcher writes a python code to

prepare the processed data for the WUM.

4.5. Tool Selection for Navigational Behavior

The transformation of the web server log into a ¢dgsessions appropriate for mining
and the process of navigation pattern discoveryparéormed in the framework of the
Web Utilization Miner WUM, according to Andlia ek,a(2003), WUM (web utilization
miner), Its primary purpose is to analyze the natigmal behavior of users in a web site,
furthermore, Navigation pattern discovery is parfed on the portion of the web server
log that contains the sessions. The discovereeérpattreflect the desired behavior of the
visitors. These patterns are then used as a lmaaisalyze the sessions in the rest of the
log, comprising the sessions of the active investics that did not become customers.
The architecture of Web Utilization Miner, Therews major modules: the Aggregation

Service prepares the web log data for mining ardMINT-Processor does the mining.

In ref Bettina et al (1999), The Aggregation Seevextracts information on the activities
of the users visiting the web site and groups cmutsee activities of the same user into a
transaction. It then transforms transactions irgquences. Its major task is to merge
those sequences into tee structure, on which aggregated statistical infdroma is
retained. According to Marya, et al (n.d), AggregatService assumes that accesses

from the same host come from the same visitor.

Aggregate Trees: The Aggregation Service of WUMats the visitor trails from the
web log and aggregates them by merging trails thighsame prefix into a tree structure,
the “aggregate tree”. An aggregate tree is a &i®ode of which corresponds to the
occurrence of a page in a trail. Common trail pefiare identified, and their respective
nodes are merged into a trie node. This node istated with the number of visitors
having reached the node across the same trailxpi®fe call this the “support” of the

node.
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In accordance with Marya, et al (n.d), The MINT-¥ssor mines the aggregated data
according to the directives of the human expertINW' is the mining language serving
as interface between the user and the miner. Tperexnses MINT to instruct the miner
on the formulation of the output, and, most impoattig on the interestingness criteria to
be satisfied by the desired patterns.

In ref to Bettina,et al , (1999),generalized dgstarn like “The MINT-Processor is
responsible for identifying common patterns in ldrge aggregate tree of the Aggregated
Log, merging them to aggregate graph objects, cdmgpuhe node supports and

evaluating the query predicates.”

Besides to the above, the following points coulddi®n as a reason why the researcher

selected the WUM as tool for navigational tool.

* It's designed to work with The WUMprep module (whits responsible for the
pre-process phase ;)

» lIts free and open source tool (not commercial)

WUM has mining language (MINT query) which serviexginterface between the
user and the miner for filtering the interestingneattern to be satisfied by the
desired patterns.(is also open source and free)

* WUM uses for the discovery of navigation patternsd avisualization of
interesting Patterns.

* It's a sequence miner and support GSP algorithms.

* It can generate comprehensive statistical repgardeng the web log in better

way so that it can be used as in put for othestéml better visualization.

Generally, WUM is a sequence miner, a mining systenthe discovery of interesting
navigation patterns. Further explained in Maryalet(n.d), its purpose to analyze the
navigational behavior of users in a web site asdalier navigation patterns in the form
of graphs. it discovers patterns comprised of esvémdt are not necessarily adjacent and
satisfying user-specific criteria is a mining systdor the discovery of interesting

navigation patterns.
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4.6. General M ethodology

The overall pictures of the methodology can becdleed as the following figure 7, the
WUMprep scripts does the preparation steps(in theve illustration ) , which is the

input for the WUM tools discovers the navigatipattern and mining patterns and
visualize the result using WUM visualize basedl@miner interests.

Original web server log
|

l Preparation
Instruction _ Phase (WUMprep)
— AT Prepareh log

— l
Result pattern Mr -

T Discovery

M '
\

Mining results

Mg phase (WUM

A

Figure 8: navigational process of WUM
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CHAPTER FIVE: EXPERIMENT

5. Over view of Experiment setup

The experiment has been conducted on the follos@tgp

o Computer Type: personal computer (X32-based PC)

* Operating system: OS Name Microsoft window 7 ultimate edition

* Processor: Intel (R) Pentium (R) Dual CPU T3200 @2.00GHZ 2.B@G
* Web mining tool: web utilization miner (WUM?7.0 the latest version)
» Supported tools: Java version 1.5 (WUM java based tool)

* Programming Language: Perl (WUMprep suit of Perl script).

» Python code: To divide the web log into manageable size

5.1.Data Collection and Selection
The data for this study is a web access log da&Add official web site .As mentioned
in the chapter one, a web log data is favored byyrfar web usage analysis. Two

months web access logs have collocated for thdystor December and November.

5.2.Data Cleaning

The data collected from the AAU web server logs fateof junks that are not cleaned
and should pass through some data cleaning phsseshe figure below) ,it is important
steps to truck down the exact behavior of the o$¢he official web site unless they
removed it is difficult to achieve the objective tifis paper. Those phases must be
undertaken to have cleaned data for further usesc€ps). The sample Log data are

collected from AAU before preprocessing.
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66. 249. 65. 124 - - [ 28/ Nov/ 2010: 04: 26: 35 +0300] " GET
/i ndex. php/ gl obal -t ext - proj ect HTTP/ 1. 1" 200 22916 e
"Mozillalb.0 (conpati bl e; Googl ebot/ 2. 1;
+ht t p: / / www. googl e. conf bot . htni ) "

66. 249. 65. 87 - - [ 28/ Nov/ 2010: 04: 26: 37 +0300] " CET
/i ndex. php/ conponent / event s/ vi ew_nont h/ 2009/ 06/ 01?cat i ds=97

HTTP/ 1. 1" 200 38809 "-" "Modzilla/5.0 (conpatible; Googlebot/2.1;
+htt p: // ww. googl e. com bot. htm )"

66. 249. 65. 104 - - [ 28/ Nov/ 2010: 04: 26: 43 +0300] "GET
/i ndex. php/ conponent / event s/ vi ew_week/ 2011/ 04/ 26 HTTP/ 1. 1" 200
28388 e "Mozillal5.0 (conpati bl e; Googl ebot / 2. 1;
+ht t p: / / www. googl e. conf bot . htni ) "

Table 4: A small extract of a Web server log cotgen

From the original web log see table 4, which careasily seen a lot of junks, noises as
well as robots (spiders, crawlers) those shouldepeoved in order to have clean web
logs to have appropriate ,efficient ,effective datgs.

5.2.1. Removing Irrelevant
As a result of removing irrelevant the number @f limes decrease in enormous seize the
reason for it , those log files which contains sleene extensions (see previous chapter),
and those repeated requests that may came frortienpasers will be eliminated that’s
why the number of records seized in such amour#.dftginal size of the records before
were 50701 KB records (KB) and after the log filtereprocessing it became to
12416.KB.

-
6 CiPeribinperl.exe “——- s e e ]

Reading cunflgulatlun flle C /erlg/ndmlnlutlﬁtul avet—PCrDesktop-UHUMprep3. - src ujl
umprep.-conf .

Reading log folmat definition... =
host_

: 1dent

= auth_user

- ts_day

: ts_month

= ts_year

= ts_hour
: ts_minutes
: ts_seconds
= t=

: method

= path

= protocol
| = status
#Field 14: sc_bytes
PField 15: ignore
Field 16: referrer
Field 17: agent
Field 18: session_id

I-OW\JU’\U'l;hI’.\JNHE
Y '

IC:“UsersAdninistrator.awvet— PC\De“ktDp\uUleep3\“lc\logF11tel pl:

Filtering input log f11e 1z access ..

47088 lines plncessed =
E axs

Figure 9: removing irrelevant records sample.
e —
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5.2.2. Detect Robots

The process of detect robots are very importamitniatee the irelevent records whch
are caused by the misusers that cames from waheurces like (speider ,web crawlers)
in other words , web surfing requested that aoefdst that ordirnary pepole do not do in
such fast ways caused by web crawlers.Accordingyt@xpertment the number of robots
are based on the maximum page view and againsKiigt* in the WUMprep.The
number of robots that detected from the web sedogsrare shown below,

) C:\Perl\bin\perl.exe - ~ o | B ||

i ident

I ts_day

: ts_month
: ts_y

: ts_minutes
: ts_seconds

: protocol
: status
: sc_bytes
: session_id
iguration file C:-/Users/Adninistrator.awet—PC/Desktop/2nd/src/wanpre

Processed 55888 lines of log
Total number of hits: 55163
Mumber of robot hits: 29956
» of total by rohots: 54.36

Writing output and performing DNE lookups (if neccessaryd

i Figure 10: sample removing of robot hits

According to my experiment, for the months of Debem the numbers of robots inside
the Log format are 54.36 % robots from the tot#s,Hior the months of November the
total number robots are against the total hit &&&%. Samples of robot log lines that
are resulted after preprocessed of log filter:

208.115. 111. 247 - - [05/Dec/ 2010: 05: 03: 20 +0300] "CET /robots. t xt
HTTP/ 1. 1" 200 --304 "-" "Mbzilla/5.0 (conpatible; DotBot/1.1;
http://ww. dot net dot com org/, craw er @ot net dotcom org)"

(robots. txt)

208. 115. 111. 247 - - [05/ Dec/2010: 05: 03: 21 +0300] "CET /robots.txt

HTTP/1.1" 200 --304 "-" "Modzillal/5.0 (conpatible; DotBot/1.1,
http://ww. dot net dot com org/, crawl er @ot net dot com org) "
(robots. txt)

Figure 12: Sample robot log files.

From the above results what it can be observalddyethat some of the requests that

came from same IP address that468( 115. 111. 247) within two seconds, those
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requests originated from the same |IP address withiwo seconds.
([05/Dec/2010:05:03:20 +03003nd ( 05/Dec/2010:05:03:21 +0300)

5.2.3. Sessionize
The Sessionize which are resulted after the detect the robots and give the following

results as shown below,

@ C:\Perl\bin‘\perl.exe — e lﬂﬂlﬂ—hj

p.conf .

Readlgg conf1gu1at10n file C:sUsers/Administrator.awvet—PCrDesktop/2nd/sprc/vunprells
p.con

Reading 1og format definition.

Field host_ip

Field : auth_user

: ddent

: ts_day

: ts_month

qumu‘!.&mMHB

: protocol
MField 13: status

I sC hyte*

: session_id

inistrator.awvet—PC\DesktopsZndisrchsessionize.pl:
zessions in log access.clean.nobots ...
28888 lines processed..

Figure 13: sample sessionaize process

The sesseinalize creates number of sesseionize;datg to my experiment the number
of session’s creates are about 23411.some log\Wwhé&sh are exceed from the threshold

i.e. 1800 sec or 30 min are removed .for the detalin sample of in the appendix.

245208:1[10.90.10.28 - - [28/Nov/2010:04:27:21 ®)3GET /index.php/library-and-
museum/library HTTP/1.0" 200

245208:2|10.6.13.66 - - [28/Nov/2010:04:31:19 +Q3GET / HTTP/1.0" 200

245208:3|207.46.13.93 - - [28/Nov/2010:04:34:3903GET
/index.php/academics/schools/348-schools?tmpl=comp&print=1&page=
HTTP/1.1" 200

245208:4|68.52.248.143 - - [28/Nov/2010:04:35:2306) "GET / HTTP/1.1" 200

245208:2|10.6.13.€- - [28/Nov/2010:04:41:19 +0300] "GET / HTTP/1.0"0
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As it can be observable from the above fig 13,thatonly status that filter from the web
log files are GET and the status of 200 which iatBe the successful requests from the
web sites users, besides to that the session eméfidd . The types of log formats are
converted from the Extended log format into Comnhagy formats (see chapter Two,

types of log formats).
5.3.Generalized Reportson Log Preprocessing

In this section the result of preprocessing willdigcussed in general manner, an average
user requests per day is 200220 lines. The pregsouwe phases undertaken for both
months (December and November) gives the followsgplts after undergone through
different phases of preprocessing for the montimgl summarizes for one week in

December the following tables. See for the montidavember in appendix.

Original log After removed | After detected After Cleaned data for WUM)*

entry records | irrelevant data robots Sessionize
220340 150127 70564 25005 25005
230087 160743 72087 24060 24060
200406 148906 63480 21000 21000
190967 138967 50653 19734 19734
200190 178300 60752 20674 20674
200150 167543 47897 19653 19653
220205 120950 62096 23765 23765

Table 5: A Sample records for the week in Decenalfter undertaken the preprocess
phases.

Note:*the cleaned common log format cannot be directiyiriéo the WUM they must be

dividing for manageable size, using the python code

As it have been mentioned earlier the log files @vatains irrelevant data, irrelevant
records and noises, that's why we can observe tlmrabove experiment result in the
table the size of original log entry records deseghin average of 80%.for the months of
November the size of records of original entry dased in average of 73%.(see in the
appendix).
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5.4. Navigational Behavior of December

5.4.1. Aggregated LOG tree

The aggregated tree are results from the web naifter the sessions creates based on the
above preprocessed tool (WUMprep) and importechéoniiner resulted the aggregated
tree for the months of December as follows.

ﬁ WUNgui [websiteAAu] - Agaregated Lo

Tree Graph | Tree View

[Root08) [i1,348] [1,2,28] 23] {430 [i5:2 [h&:1] 7]
n] [ | 1 [ | [ | [ | [ | [ | E
‘ fi-and-museumilibrany;1 17 166 1]
[ | [ | =
[hpicomponentiagarchrd 1]
[piadministrationfict ;1]
[ |
i-and-museumflibrary 1]
| |
[pibrany-and-museum; 1] [plibran-anc-museum: 2.1] [padministrationfict 1] fadmissionsigra
[ | [ | [ | [ |
[haleomponent'searchi 1 A][4:1]
[ |
[ssionghundergraduate; 1] [indexphpfahoutaau 1] [ndexphpiacademios 1] [php/administrat
| | | | | | | |
[i-and-museumnibran; 1] [F4:1] [siness-and-econamics; - 1jcaunting-and-fing
[ | [ | [ |
[PRGETHIO-FRENGH php; Tridex phpdinguistics 111 [13:1]
| | | | | |
[index phn ;4] 3 [faculty-ofmedicing;1:1]  [facufty-of-medicing; 21 [4:1]
[ | [ | [ | [ | [ |
[hplcamponentisearch ;1] af-profle-sosa-soc 4] - hwA54-stefprofile 1] thplcomponentise
[ | [ | [ | [ |
lindexphn 22l
| |
[erschool-of-pharmacy;1;1] [dex phpfprogramsphar1 1 [preguistionspharmac; 1 1] (hpfadmissionpharamey; 1 fninistrationphan
[ | [ |
indexphpladmiszions,1 1 |[missiansi-graduate;t 1 ladmissionsigraduate 1]

Figure 15: Sample aggregated tree for the month of December

As we can see from the above figure 14 ,an agtgddaee that the total number of
nodes or total traverse make by users are 60&h&ntonth of December, based on the
aggregated tree the MINT query applied to find neséing pattern or for sequence
analysis from it. The researcher chooses the sommples to find interesting pattern for

the month of December. For the month of Novemberirs¢he appendix.
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5.4.2. Sequence and Navigational Discovery of Users

As previously mentioned in chapter three, the galimad sequence pattern describes the
behavior of users by filtering out the interestpattern from the aggregated tree using
the MINT query. ,In the following sections, the eximent is undergone using some
most interesting patterns using the MINT queryiszover the most important issues that
should be discovered according to the researcHeardevest , like Where do visitors of

page Home go after wards?, Where do visitors ger &fping thewww.aau.edu.et(/)?,

To Find out pages that always visit together ard lat its pattern, Where do visitors go
after search page of AAU (/index.php/componentd®& What is interested in
navigation patterns between two pages.

Sequence analysis 1: Where do visitors of page HOME go afterwar ds?

Using the MINT (see appendix for syntax of MINT)equ the author is interested where
users go after the accessing the home pages umtileixt five pages, using the following

guery to the MINT to discover users’ navigationahbvior.
Explanation of the query

In this query, we specify a template t with twoightes a, b, thus seeking for with two
pages bound to a and b and at most 5 arbitrary peg@rences in between denotes that

“a” should be bound to the first page which is érgbhp/home and at least visited

(confidence) 20% occurrence in a session
select t

from node as a b, templatea [1;5] bast
where a.url = "/index.php/home"

and (b.support / a.support) > 0.2

The above query results a following patterns usiigMvisulizer but the author puts

some sample results in the following figure.
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Type of Results: @ Complete Patterns {_) Partial Patterns
Pattern | “ariable URL and Occurrence Abs. Support Confidence

1 a findex.php/home; & 10 1.0]~
1 b findex.phpfadmissions/graduate; 2 3 03]
2 a findex.phpihome; 13 1 10| |
2 b findex. phpfacademicsfacultiesfaculty-of-medicing; 6 1 1.0

3 a findex.php/home; 13 1 1.0

3 b findex.phpireqgistrar; 3 1 1.0

4 a findex.php/home; 10 4 1.0

4 b index.php/admissions/graduate; 2 1 0.25

5 a findex.php/home; 3 87 1.0

5 b findex.php/home; 5 27|0.3103448275...

] a findex.php/home; 4 49 1.0 =

Here, we receive all pages reached within 5 pafies HOME (index.php/home), which
has been accessed 100 or more times, providethtted pages have been accessed by at
least 50% or 100% of the visitors visiting HOME t faas we can see from the result the
most accessed pages is /index.php/library-and-nmusesers stay 100% visting the
content of it, It is also clear that most users wisited the home page also stay in 100%
within the page of /index.php/registrar thosethezmost .of course the other pages like
/index.php/admissions/graduate users stay in thpegges users stay in the page for

average 26%,even if they are the most visite@padter Home pages.

Navigation pattern:

WUMgui [WUMLOGnov] - Result Graph 1/2 of Result Navigation Pattern 1/41

l/ Tree Graph |/ Tree View |

a= [findexphprhome;8;10] [findex.phpthome; ;5] lindex.phpthome; 10;3] [fadmissionsigraduate;1;1] b = fadmissionsigraduate;2;1]
| | ] | | o

h = [fadmissionsigraduate; 2;1]
o

[index.phpfadmissions; 2,11 b = fadmissionsigraduate; 2;1]
u]

u]

As we can see from the navigation pattern most lpeape going to the page of

/admissions/graduate after visiting the home pateslear to see that most users stay in
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the HOME page (/index.php/home) and navigate betvee home and admission pages
finally to reach the target pages.

Sequence analysis 2: Find out pages that always visit together and look at its

pattern.

Explanation of the query

In this query, we specify a template t with twoighles a, b, thus seeking for with two

pages bound to a and b and at most 5 arbitrary pegarences in between denotes that
“a” should be bound to the first page which is érgbhp/home, this page should be
visited at least 100% and b page should be at lesistd 20%(confidence) occurrence in

a session.

select t

from node as a b, template a [1;5]
bast

where a.url ="/index.php/home"
and a.support > 100

and (b.support / a.support) > 0.2

The above MINT query results one patterns,

Type of Results: @ Complete Patterns i Partial Patterns

Pattern Variable URL and Occurrence Abs. Support Confidence
1 a findex.php/home; 2 170 1.0
1 b findex.php/home; 4 38| 0.2235294117 ...

Here, we receive all pageghere a is 2nd entry, which has been accessedrlftbre
times, provided that b has been accessed bysit2@&o of the visitors visiting a. And b

has been accessed 22%.
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Navigation pattern

findex.phphame;3;53] b= [iindex.phprhame;4;23]
L] o
[fadmissionsigraduate; 2;1] b = [findex.phpfhome;4:1]
| | u]
[fadmissionsigraduate; 4,1] fadmissionsigraduate; ;1] b = [lindex.phpthome; 4;1]
[u]

[daetCamnpilation ks 1;1]  Fadmissionsigraduate;4;1] lindex phprsiter-map:1:1] b= indexphpdhome;4:1]
[ | | | o

1.3 b = [findex phphome 4:1]
u]

Figure 16 :Navigation pattern

From the figure 15, its easily observable heresee that when visitor start from looking

at/index.php/home page, 20% of them will stay within this subjeatar

GSP analysis 4: Which paths do visitors take to read blogs?

In this query, we specify a template t with twoighles a, b, thus seeking for with two

pages bound to a and b and at most 5 arbitrary peg@rences in between denotes that

“a” should be bound to the first page which is érgbhp/home, this page should be

visited at least 20 % and b page should not b&edsn the sessions.

select t from node asa b ¢, templatea __ b [0;0] ¢
ast

where c.url = "/index.php/view-blog"
and b.url !="/index.php/view-blog"

and (b.support / a.support) > 0.2
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Hattern vVarnabple UKL and Uccurrence ADS. Support confidence
1 a 15 349 1.0
| b I8 73| 02091690544,
| C fIndex.phpmew-olag: 1 1| 0.0028653295...
2 a [aaU_staf_load/EnterLoadinfo.php; & 2 10
2 D findex.php; 2 1 0.5
2 C findex.phpMew-olag; 1 1 0.5

The out of the query give us two patterns ,Hereregtve most users reaching the page
/index.php/view-blog pages after users stay 100%ha page of root page (/) and
/aau_staf load/enterLoadinfo.php ofcourse somesustaly 20% and 50 % respectively

stay in the home page before reaching to /indexvig-blog pages.

G-sequance

WUMgui [WUMlognov] - Result G-Sequence 1/4 :

Tree Graph

a=1[h5344]

h=[ha:73] o= [findex phpfiview-hlog;1:1]
O a

a = [adiEnterLoadnfo.php8;2]

b= [findex.php;2;1]
a

¢ = [findex.phphiew-blog;1;1]

a a
a=[hT:2248] b=[H10:46] ¢ = [lindex.phphiew-hlog;1;1]

a a a
a=[10:136] h=1[13;37] ¢ = [findexphpfview-hlog;1;1]

a a a

the Users do not take a single paths to reachtexiphp/view-blog most of the users
take a path from the root pages,and the second mmets take to reach using

/aau_staff load/EnterLoadinfo.
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GSP analysis 3 :Wheredo visitors go after search page of AAU pages?

In this query, we specify a template t with threeiables a, b, thus seeking for with two
pages bound to a and b. occurrences in betweenedetiat “a” should be bound to the
first page which is /index.php/home. b page shdwddat least visited 15% .page c
(confidence) occurrence is at least 30% a session.

select t
from node as a b c, template

al0;0]b[0;0]cast

and a.support > 10
and (b.support / a.support) > 0.15
and (c.support / b.support) > 0.30

where a.url = "/index.php/component/search”

Pattern
Type of Results:  ‘® Complete Patterns i_' Partial Patterns
Pattern | Variable URL and Qccurrence Abs. Support Confidence

1 a findex. php/component/searchl; 5 53 1.0
1 b findex. php/component/searchl; & 21| 0.3062264150...
1 C findex.php/component/searchl; 7 12(0.2264150943. .
2 a findex. php/component/searchl; & 1 1.0
2 b findex php/component/searchl, 7 16| 0.5161290322. .
2 C findex.php/component/searchl; 8 71 0.2258064516...
3 a findex. php/component/search, 1 431 1.0
3 b findex.php/component/searchl 2 145 0.3364269141...
3 C findex. php/component/searchl; 3 66| 0.1531322505...
4 a findex.php/component/searchl, 7 23 1.0
4 b findex.php/component/searchl; 8 10| 0.4347826086...
4 C findex. php/compaonent/searchl; 9 710.3043478260...
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All the ten patterns show that user’s do know whbey are looking for. most of users
who stays in search engine 100% and also stadyisrpage for average of 40% ,they do
search function stay within search the page.

G-sequence pattern

WUMgui [WUMLOGnov] - Result G-Sequence 2/9 §§

[ Tree Graph | Tree View |

| ¥

a = [hpfcompaonentrsearchrf;31] h = [hpfcompaonentrsearchr; 71 6] ¢ = [hpicompaonentrsearchl 8,7
o o o

a=[hpfcomponentizearchiB;31) b = [hpfcomponentizearchrl;7;16] ¢ = [hpfcamponentisearchi ;7]
u] u] m]

Sample of the above ,the author do not need talptite g-sequence from the navigation
pattern that users stay in the search page as neegafrom the above result, that users
stay in the search page.
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Navigational between two pages

Only patterns starting at a node with support astled0 are of interest. One URL is
explicitly excluded (index.php). Namely X*Y, showthe second part Y*. Our
visualization module currently displays patternstrags; this is why X*Y is a tree, all
leaf nodes of which refer to the same page. Thie pa the value bound to the variable

Y.

select t

from node as x y,
template # x *y * as t
where x.url = "/index.php"
and x.support > 40

and y.url = "/index.php/academics"

The above query results the following navigationeg,

1= [indes phofacademics 1 FRL [index phpet: ) [ne-cultural-hertaged: ] v=inde phplfacademics; 2]
i} | | | i}
= [inde phplacademics; 2.2
i}
] [college-cfeducation’?: ] 3] (lndex phpfeontacts: ] v=indes phpfacademics 21]
| | | | 0

= [inde pholacademics; 28]
i}

From the above figure that most users who use ¢hdeamic pages do not leave to other
non-academic pages which is not related to thieid fiwhether stays at this page or leave

the web site.
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5.5.Statistical Analysisfor the M onths of December

The WUM cangenerate a comprehensive re in terms of simpldéables the research
used other tool (MicrosofExcel) for better visualizationreport will be discussed li
what are ,most requestpdges, most visited pages, most visited directsnyell as mo:
referee pages for the month of December will bewtised .For the month of Novem|

see in appendix.
5.5.1. Most requested pages

The following table shows the top ten most accegsages dung the monthsof

November .For theest of the months sdn appendix.

Most Requested Pages

m/
2.45% 1.73%
3.179% 2.01% M /index.php/
3.45% 3-17% «

il

m /index.php/component/search

/
m /ies/

4.03%

M /index.php/philosophy/

® /index.php/library-and-
museum/

/index.php/academics/faculties

/
/index.php/admissions/

Figure 17: Top 10 most requested pages.
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A figure shows the Top ten most pages during thatheof December ,As it is shown
the most requested pages is the / or www.aautedpeges followed by

/index.php/component/seardid the page /index.php/library-and-museum

This is reflection of that the /index.php pagerest popular by most users in all the
three months .in fact ,this shows that most visitemnter into the site directly by typing
the web site address as it shown in the abovetdmecThe search engine of the Addis
Ababa University the second most accessed pagksvéal by the /index.php/library-

and-museum pages.

5.5.2. Most visited directories

The root directory 7" is the most accessed directory where the roactiry in root
folder is located .Most users also shows interesthe contents under thiendex.php/
folder. It is also possible to say that from thépot those are also important visited pages
/index.php/component/search/

Most visted directory

m/ M /index.php/

® /index.php/component/search/ M /ies/

H /index.php/philosophy/ ® /index.php/library-and-museum/
/index.php/academics/faculties/ ® /index.php/admissions/

/index.php/academics/ /index.php/aboutaau/
3.17% 2.43% Y3,
3.17%
4.03%
3.45%
6.76%

Figure 18: Top ten requested directories
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For the rest of thenonths, mos of the directory are requestede the same as the abo
until the top three directory but the othersla@eame familiar in the next pac

5.5.3. Most Top Entry Pagesand Top Exit Pages

TOP ENTRY PAGES
1.13%

1.13%
1.69%

1.13% 1.13% m/
1.69% 1.69%

i 2 20

O —
3.39% MRS — H /index.php

m 000 N
m /index.php/library-and-

museum/library

M /index.php/view-blog
m /index.php/academics
m /ies/index.php
m /ITPhd/students.php
u /index.php/view-

blog/viewpost/823

/index.php/view-
blog/viewpost/812

Figure 19:Top ten entry pages

The entry pages are pages that indicated that éfesite users first visited where as

top exit pages is the last pages the users visitédal web site.From the figure belo
what we can observe is that tl/” root pages where it is located accessed moredhg
other pagesalmost half of the reques<80. 23%) and the /index.phjpe second most tc
entry page and last not least /index.php/library-and-museum/libratige third most toj
entry of pages, followed byndex.php/viev-blog and/index.php/academicsthe 4th and
5thtop entry pages. For the rest of the months seeraldp of Decembe
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For the month of November, as it as shown in tgaré 55.68ve % of the visitors have

entered into the web site directly through tlaexd index.php.

0.97(%30% TOP EXIT PAGES

%

0.26%
0.38%46% m /index.php

1.00%.19%

B /index.php/admissions/graduat
e

® /index.php/home

m /index.php/library-and-
museum/library

H /index.php/component/search/

® /index.php/home/1001

m /index.php/admissions

m /index.php/academics

/index.php/aboutaau

m /index.php/aau-bpr-all

Figure 20: Top most exit pages.

From the above the figure ,we can see that thexdmpages are the “/” or after the user
type the web site address and leave the web siteoutimaking any click steams .the
second most exit pages are /index.php and lasteast ,the 3rd most exit page are

/index.php/component/search/.
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5.5.4. Top Referrer Pages

The top referee pages are pages where the visdgerlecated when making the next

request with the official web sites.

030% TOp Referrer Pages
0.96%8%

0.97%
M /index.php

1.00*90.2165/3% 0.16%

® /index.php/admissions/graduat
e

® /index.php/home

M /index.php/library-and-
museum/library

m /index.php/component/search/

H /index.php/home/1001

m /index.php/admissions

m /index.php/academics

/index.php/aboutaau

Figure 21: Top Ten referee pages.

From the above figure , what it can be easily olsde that most users makes the next
request from the page of /index.php which covermore percentage 88.8 %. the next
popular page where users requests the next page iamgated from

/index.php/admission/graduate and which covers%.8% third most refree pages are

/index.php/home which covers the percentage 0f%0.96
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For the months of November are almost the samieasliove but the only difference are
below three requests for more details see in append
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CHAPTER SIX: CONCLUSIONSAND RECOMMENDATION

Conclusion

* From the navigational behavior of users that we icglicate easily users is no
single point where users go after home page andbeaponclude that users
navigate from top of the page (hierarchy) to thedohierarchy.

* From the navigational behavior search behaviorlmaconclude that most users
use the search engine effectively or know whey thre looking for.

* most request pages are requested to the webystiging the official name of

the web site that isvww.aau.edu.et,that'svhy the most request web page

becomes the root page of course it clear that #le server is an apache server,
when type the official name hit the root directafythe official web site .from
the request pages the second top most requestedes pagre
/index.php/component/search pages, it indicatetsnttost users use this page for
searching key words with in the pages. What else lba concluding that
/index.php/library-and-museum the third requestegsag can be conclude that
most users are interesting in the content, theoreagould be most journals
associated to it.

* Most visited directories are of course the rooecliory since most of users are
typing the name of the official web site and mast hre from the root directory,
the next most directory are /index.php/ which hagter sub directory inside it
like /index.php/home or other directory in side it.

* most users use enter to the web page using the pég /index.php |,

/index.php/library-and-museum/librariindex.php/view-blogand most users also

leave from those pages that it can be concludealmabst the other pages 1/3
,most users leave without visiting the web pages.
» It easy to see that most users use the /index/pigex. php/admissions/graduate,

/index.php/home are most users requests from thages to make for further
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requests, so it would be very useful if the adntiater can put some urgent
notice and advertisement within those sites sthey are most accessed web

sites.
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Recommendation

* Most users come to the page web site directly theeityping the name or from
the search engine that displays the home page cohisl be an indicator the web
site has a kind of sickness .the web master theredbould do some kind of
assessment on the department index pages makehstirthose pages contain
those key word for indexing in search pages.

* The most together accessed pages are the homeipagegssed with itself so it
is important that ,It also important to recommehdit tthe concerned body that is
in charge of AAU official web site design shouldeate quick links from one to
other pages for those pages mostly accessed tergath

* ltis also clear that most users left the web fsden some pages mainly from the
/index.php/home ,/index.php/admission/graduategftrghp/academics from it, it
possible to recommend that the web master shoukl these page for
advertisement and notice and also possible to mewnded further it is possible
to link to other department links in order to em@me web site users to stay in
the web site.

* It is possible to recommend that the web admirstsashould make the most
accessed pages, to be prefetching or cached tergréhe latency of the network
bandwidth or prevent delay to access those pages.

* From the navigational behavior most users stajénltome page and spent less
time in visiting other web pages so it is possiliée recommend the web
administrator should make other pages link withthagsessed pages.

» For further work can be recommended that, sincdish®f robots in “robot.txt”
may be out dated over long time or difficult to detthe latest updates it is
possible to identify the normal (non-robot) hosis rberging log files, widely
accepted log files for purpose are “agent log fikeith “access log file” as a
consequence could be better result.

* The other recommendation for further work, dividle web page based up on
concept of hierarchy which concept divide pagesuting to the service they
provide, once hierarchal classified the pagesoitld give better result.
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* The last not the least, recommendation for theh@rtvork, since by combining
different technique of web usage mining such agesdmmining with web usage
mining (work of this thesis) it could give bettesult in terms of efficiency .
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Appendix A: statistical report for the months of November

Appendix for month of November: Most Requested Directories for the months of November

most requested directory

2.14% u/

3.23% 2.71%
M Directory

3.57%

m/

M /index.php/

B /index.php/component/searc

h/

m /index.php/library-and-
museum/

= /index.php/academics/faculti
es/

m /ies/

/index.php/admissions/
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Top entry pages for Novmber

n/
2.71%
H Directory
3.239% 2.14%
u/
B /index.php/

H /index.php/component/s
earch/

u /index.php/library-and-
museum/

1 /index.php/academics/fac
ulties/

m /ies/

/index.php/admissions/

m /index.php/academics/
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Most Requested Directories
novmber

2.40%
3.04% 1.60% m/

3.63%

B /index.php/

H /index.php/component/s
earch/

H /index.php/library-and-
museum/

m /index.php/academics/fac
ulties/

m /ies/

m /index.php/admissions/
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Top Entry Pages for november

1.21% u/
0.97%
1.21% 0.97% H /index.php
1.21% 1.21% 0.97%

3.40% u /index.php/library-and-
5.10% museum/library

B /index.php/view-blog

H /index.php/academics

m /ies/index.php

m /ies/

® /nprc/Database/NPRC.sql

/march/index.php

u /index.php/view-blog/rss

The following are also the sample of one week fier tnonth of November the results of
those as explained in chapter 5.

Original log After removed | After detected After Cleaned data for WUM)*

entry records | irrelevant data robots Sessionize
210240 140127 69564 20004 20004
240067 160743 72087 24060 24060
203406 148906 63480 21000 21000
200967 138967 50653 19734 19734
200190 178300 60752 20674 20674
200150 167543 47897 19653 19653
220205 120950 62096 23765 23765
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Appendix B: Sample removed List of robots

110.75.173.43 (robots.txt )

119.235.237.16 (robots.txt )

119.235.237.20 (robots.txt )

119.235.237.85 (robots.txt )

119.63.198.11 (robots.txt )

119.63.198.17 (robots.txt )

119.63.198.20 (robots.txt )

119.63.198.21 (robots.txt )

119.63.198.31 (robots.txt )

119.63.198.33 (robots.txt )

119.63.198.35 (robots.txt )

119.63.198.38 (robots.txt )

119.63.198.39 (robots.txt )

119.63.198.41 (robots.txt )

119.63.198.47 (robots.txt )

119.63.198.52 (robots.txt )

119.63.198.54 (robots.txt )

119.63.198.57 (robots.txt )

119.63.198.58 (robots.txt )

123.125.67.227 (robots.txt )

123.125.67.229 (robots.txt )

124.115.6.12 (robots.txt )

130.89.197.30 (robots.txt )

157.55.16.229 (robots.txt )

157.55.16.230 (robots.txt )

174.124.240.38 (robots.txt )

178.154.160.30 (robots.txt )

178.4.31.86 (robots.txt )

178.63.9.74 (robots.txt )

184.154.7.186 (robots.txt )

188.165.226.104 (robots.txt )

193.47.80.48 (robots.txt )

195.215.130.196

(maxViewTime )

202.160.179.85 (robots.txt )

202.180.34.186 (robots.txt )

202.232.133.34

(maxViewTime )

204.236.235.245 (robots.txt )

206.16.59.98 (robots.txt )

206.192.70.55

(maxViewTime )

207.210.81.165

(maxViewTime )

207.241.227.74 (robots.txt )

207.241.228.153 (robots.txt )

207.46.12.236 (robots.txt )

207.46.12.237 (robots.txt )

207.46.12.239 (robots.txt )

207.46.12.240 (robots.txt )

207.46.12.241 (robots.txt )

207.46.13.100 (robots.txt )

207.46.13.101 (robots.txt )

207.46.13.131 (robots.txt )

207.46.13.132 (robots.txt )

207.46.13.133 (robots.txt )

207.46.13.134 (robots.txt )

207.46.13.137 (robots.txt )

207.46.13.138 (robots.txt )

207.46.13.139 (robots.txt )

207.46.13.140 (robots.txt )

207.46.13.142 (robots.txt )

207.46.13.144 (robots.txt )

207.46.13.145 (robots.txt )

207.46.13.146 (robots.txt )

207.46.13.41 (robots.txt )
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207.46.13.42 (robots.txt )

207.46.13.44 (robots.txt )

207.46.13.45 (robots.txt )

207.46.13.50 (robots.txt )

207.46.13.52 (robots.txt )

207.46.13.53 (robots.txt )

207.46.13.54 (robots.txt )

207.46.13.85 (robots.txt )

207.46.13.86 (robots.txt )

207.46.13.87 (robots.txt )

207.46.13.88 (robots.txt )

207.46.13.89 (robots.txt )

207.46.13.92 (robots.txt )

207.46.13.93 (robots.txt )

207.46.13.94 (robots.txt )

207.46.13.95 (robots.txt )

207.46.13.97 (robots.txt )

207.46.194.114 (robots.txt )

207.46.194.126  (robots.txt

maxViewTime )

207.46.194.137 (robots.txt )

207.46.194.42 (robots.txt )

207.46.194.78 (robots.txt )

207.46.195.105 (robots.txt )

207.46.195.106 (robots.txt )

207.46.195.223 (robots.txt )

207.46.195.224 (robots.txt )

207.46.195.225 (robots.txt )

207.46.195.226 (robots.txt )

207.46.195.227 (robots.txt )

207.46.195.228 (robots.txt )

207.46.195.230 (robots.txt )

207.46.195.231 (robots.txt )

207.46.195.232 (robots.txt )

207.46.195.233 (robots.txt )

207.46.195.242 (robots.txt )

207.46.199.177 (robots.txt )

207.46.199.178 (robots.txt )

207.46.199.179 (robots.txt )

207.46.199.180 (robots.txt )

207.46.199.182 (robots.txt )

207.46.199.183 (robots.txt )

207.46.199.184 (robots.txt )

207.46.199.185 (robots.txt )

207.46.199.191 (robots.txt )

207.46.199.193 (robots.txt )

207.46.199.198 (robots.txt )
207.46.199.199 (robots.txt )

*the shading area show
that those which are
excdeing the maximuam
time (1800 sec) and taken

as robots.
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Appendix C: A the Syntax of MINT

query::=
'SELECT’ selectList
fromClause [whereClause]
[groupClause [havingClause]]
selectList ::=
[DISTINCT’] derivedColumn
(', derivedColumn)*
derivedColumn ::=
(valueExpr|aggrExpr)
[[AS’ columnName]
aggr Expression ::=
aggrOp '( [DISTINCT]
(valueExpr|varName) ’)’
aggrOp ::=
'AVG’ | 'MAX' | 'MIN’ |
'SUM’ | 'COUNT’ | 'GLUFE’
fromClause ::=
'FROM'’ tableRef (’,” tableRef)*
tableRef ::=
'NODE’ 'AS’ nodeVar* |
"TEMPLATE’ template
[[AS’ templateVar |
template ::=
[*'] (nodeVar [*'])*
varName ::=
nodeVar|templateVar
whereClause ::=
'WHERE’ condition

(CAND’ condition)*
condition ::=

valueExpr compOp valueExpr

compOp::="="|'<"| ">’ |
'<="|">=" | 'LIKE’
valueExpr ::=

numericExpr | stringExpr
numericExpr ::=

[numericExpr ('+]-)] term
term::=

[term (*'|'/")] factor
factor ::=

[(+7-)] primary
primary ::=

literal | columnReference |

(" valueExpr )’
stringExpr ::=

[stringExpr ’||'] primary
columnReference ::=

varName '’ columnName
groupClause ::=

'"GROUP’ 'BY’ groupExpr

(', groupExpr)*
groupExpr ::=

nodeVar | columnRef
havingClause ::=

'HAVING’ condition

(CAND’ condition)*
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