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Abstract

Websites are becoming among the most important anddi communicating with the
stakeholders. Now a days, many organizations elirat the need to investigate the behavior
of their website users are crucial to meet thejectives through undertake a research. One such

a research undertakings is using web usage mining.

Web Usage Mining (WUM), refers to the process obwledge discovery from databases
(KDD) applied to the Web data. It comprises thresnrstages: the preprocessing of raw data,

the discovery of schemas and the analysis (orpré&ation) of results.

The redesigning task of the website has not ekenta solid input except simple discussion and
implementation internally. Indeed, the website gesrs, browsing expectation, and the actual

user’s behavior navigation pattern were not comsitle

In order to develop improved website services,alege many options left for web administrator
to evaluate the website. Firstly, the site desigioedd bring amendments on the website based
on their expectations of users. Secondly, the waibimistrator or web master could collect
information from users, using the different datdemion methods like interview, discussion, or
observation. Thirdly, researcher could use the usdge analysis to understand their web usage
behaviors.

In this research paper, the web server log filethefofficial web server were utilized to study
the navigational behavior of users using the welization miner tool. Access log file was a

target data source as can be shown in the nauwgdti@havior of users.

Based on the methodology proposed in Jaideep, €080) was used in this research work
comprised of log raw data, pattern discovery arttepaanalysis. For discovery of navigational
behavior, the Web Utilization Miner WUM was empldy& mining system for the discovery of
interesting navigation patterns. The researchengusWUM’'s mining language MINT
dynamically specifies the interesting criteria favigation patterns. The researcher found that
there are directories, which are frequently visiiadthe website. Other findings are also

discussed based on which recommendation is forwarde



Web Terminology and Definition

According to the world wide Consortium's (W3C) wark Web characterization terminology
Magdalini, P. (2006) based on that the definitiom as follows:
* A Web server
Server provides access to the Web resources.
* A Webresource
A Resource accessible through any version of th&RHprotocol,(for Example, HTTP
1.1 or HTTP-NG).
* A Web page
The set of data constituting one or several weslbuees that can be identified by an
URI.
» PageView
It occurs at a specific moment in time, when a wedpeps displayed in a web browser.
* User Session
A delimited number of user's web requests (embeddadser-input, also called clicks),
across one or more web servers.
- Vit
A subset of consecutive page views from a user@esgcurring closely enough (by
means of a time threshold or a semantically digtdostween pages).
«  Web Request
A request made by a web client for a web resodtcean be explicit (initiated by the
user), or implicit (initiated by the Web client) nAther differentiation is: embedded web
request (a request made following a link) or useut web request (a request manually
initiated by the user, e.g. by typing the addresthe address bar, selecting the address
from the bookmarks, history, etc.).
 Web Browser or Web Client
Client or software, which is capable of sending wedpuests, handling the responses and

displaying the requested URIs.

Vi



* Session
We refer to a session as a set of web resourcasstgl during a website visit. It is hard
to define session accurately. When a website vibitowses through a website, and then

makes a pause and returns, her/his visit may bedened as one or two sessions.
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CHAPTER ONE: INTRODUCTION

1.1.Background
Initially, Internet was designed for exchanging Imdietween users; later it became
trendy for use of WWW. The www or 3W is now popukervice from among
Internet services. There are a number of serviowigers (ISP) for the use of the
Internet across the world. In Africa, the numbertlodé internet users is increasing
from time to time. 5.6 % of the world internet usare from Africa, Ethiopia has 0.4
% share among African internet users. This, howeseems insignificant when
compared with the rest of the world. Generally &pgathe number of the internet

users across the world is increasing in a dramaig.

According to Moges, (2005), Addis Ababa Universisy one of the oldest higher
education institutions in Africa with current edroént of over 40,000 students in its
regular and continuing education programs. Theouariaculties of the university are
distributed over eight major campuses and eightomcampuses, all within the

capital, except one that is 45 km south of thetehpi

Further explained in Moges, (2005), four major casgs (Main Campus, Business
Campus, Technology Campus, and Science Campus) tleencore network and
connected via fiber network. The remaining campuses connected with virtual
private network (VPN) provided by the national seevprovider the Ethiopian
Telecommunication Corporation (ETC). Addis Ababavérsity (AAU) has adopted
information and communication technology (ICT) nes®s as strategic tools in

advancing its mission of learning, teaching, anblipwservice.

As such, the proper integration, use, and manageaidCT resources have become
vital to the success of the university. Propergrdéon, use, and management of
AAU's ICT resources entails, among others, equetastharing of their limited
capacity, protection of sensitive information toig¥hthey provide access, prevention
of abusive practices enabled by their use, andrimgstheir manageability through

technology standardizatitn

! http://www.internetworldstats.com/stats1.htm#africa
2 www.aau.edu.et/administration/DRAFT ICT POLICY AT AAU




The official web services of AAU are an organizedllaction of Web pages.
Information is presented in various formats, raggimom research papers, and
educational content, to multimedia content, andyfldAs the result, the web pages

are serving as a bridge between information pragided the information seekers.

1.2.1CT Development in AAU?
The ICT Development Office was established aroura dummer of 1996 through

visionary leadership. The newly formed office iaféd a project named AAUNet that
has resulted in a wide area network (WAN) whosst fphase of construction

completed in November of 2001.

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

ever.

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. AAU®ea as a major contributor to these
expansion and enhancement efforts, along with tiperatives contained in its own
ambitious strategic plan, call for the speedy improent of the efficiency and quality
of its academic and administrative functions. Thashard, if not impossible, to
accomplish without adequate ICT support. There @amgently various initiatives
underway, both at the ICT development office andiows quarters around the
university, to meet the growing demand for and edslithe ICT support needs of the

university.

3 www.aau.edu.et/administration/ICT



1.3.Nature and Content of Addis Ababa University website
Generally, the website designed is to support thieative of the university. The
AAU website has both static and dynamic nature.r@lege few websites that are
static in nature. For instance, those pages aréentefictive with their users’ but the
majority of the web pages are dynamic in naturesre@lsupport the MYSQL database

incorporate with JOOMLA packages help users teratt with websites users.

When we come to Website contents, it posts numerdasmation regarding to the
objective of university. The web presents informaton several topics and issues,
like links to international journals, each page hafrmation regarding to the

objective of the university.

1.4.Statement of the Problem
During the past few years, the World Wide Web hasome 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.

As statistics shows the number of websites puldishesry day is increasing quickly.
There are now about 184 million registered domaimes worldwide, a 9 % increase
over the same period of last year4. As those trdsat®me stronger and stronger,
there is much need to study web-user behaviorgtterbserve the users and increase

the value of institutions or enterprises.

The importance of the study web users, furtherarpd by Marya, et al, According
to her, most websites are set up with little knalgke on the navigational behavior of
the users accessing them; Feedback on the occuravigation patterns can notably

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

Website design is currently based on thorough iny&tsons about the interests of
website visitors and on less investigated assumgtabout their exact behavior. In
Lukas, C., (n, d), concrete knowledge on the wajtatis navigate in a website could
prevent disorientation and help owners in placingpartant information exactly

where the visitors look for it.

4 http://news.softpedia.com/news/Domain-Name-Registration-Slows-Down-122419.shtml



Today, understanding the interests of users is rhggp a fundamental need for
Websites owners in order to better serve theitonsiby making adaptive the content
and usage, structure of the site to their prefarendhe analysis of web log files
permits to identify useful patterns of the browsibghavior of users, which it

exploited in the process of navigational behavior.

Web usage mining is application of data mining tegbes to discover user access
patterns from web data. Web usage data capturesbm@ising behavior of users
from a website. Web usage mining can be class#mbrding to kinds of usage data
examined, Further explained in Sulu, G.,(2003), weage mining is the process of
identifying representative trends and browsingguatt describing the activity in the
website, by analyzing the users’ behavior. Acadeimstitutions are good examples
that develop website. One such institution of tthiecation sector which is involved in

many activities is the Addis Ababa University.

Based on the preliminary investigation of AAU Oiit website conducted by the
researcher, users are not satisfied by the websitn the users’ blame for AAU
website services. As to the researcher’s interwiétiv communities of the university,

the site is further blamed for its complexity.

Discussion with the ICT development staffs alsoficored that users who have been
claiming on the usage difficulty of the website wdise to the failure to get the
services of the website that resulted from brokewgeplinks. The website was
redesigned repeatedly since it has been launchedhé\ researcher interviewed the
website design team members of the ICT developmkice, the redesigning task of
the website has not ever taken a solid input excaptple discussion and
implementation internally. Indeed, the website gesris, browsing expectation, and

the actual user’s behavior navigation pattern weteconsidered.

However, such inputs were not trusted to be thit ritirections of designing better
website. This in turn, could not fit the websiteetssand it is costly to practice on
unreasonable frequent site changes, so the usdigengaof the website need to be
analyzed for effective website evaluation and reoemdations for the website
redesign Marya ,(2005).



To address the problem, Mokeonnen,T,. (2009) usell web log analyzer and tried
to analyze hit statistics, most requested pagest wisited directories, most frequent
entry and exit pages, users’ visiting time and camnerrors encountered of the
website on monthly and day of the week basis. Bssidie used Apriori based
association rule mining to come up with some offteguently accessed group pages.
Finally, he recommended the usage of combinatiostatistical analyzer tools and

data mining approaches for discovery of better egadterns.

However, his findings did not show common navigadio behavior of users in
generalized manner. Unlike association rule minofignarket—basket analysis, so
interesting rules about common navigational segeerghould be extracted for

exploration of the appropriate usage trends, wisithe main interest of this work.

This research, therefore, focused on the navigatibehavior of users the official
website of AAU using the web utilization miner, whi bases on generalized

sequences, appropriate tool for web navigationbhber of users.

1.5 Justification
The Introduction of the Internet paved a road te tiheation of World Wide Web
(www). Now WWW has become the most popular servaaesng other services that
the Internet provides. The number of users as agethe number of website has been
increasing dramatically in the recent years. Consetly, this created an occasion for
the existence of many statistical tools. Thosassiedl tools give many options to the
web master (web administrator) in analyzing thermttion among the users and the
website in a statically manner, but those toolsrasegood enough in providing the

efficient and effective user behaviors.

One important data source for the study is the lwgldata that traces the users’ web
browsing, just for each second, gigabytes of dateeven more, are created by the
World Wide Web, and even automatically collected atored by the World Wide

Web server.



Based on the description of Kosala et al, (200, web log creates an opportunity
and encouragement for all data mining researcAdrat's why many consider it as
the largest data warehouse in the world. Websitairdtrators can then use this
information to redesign or customize the websiteoading to the interests and

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

The web administrators in AAU use different toaisorder to understand the website
usage by the users. None of those tools seem ¢oegigugh insight on how users use
the website because the tools that are employewttake into consideration on how
users behave. Furthermore, it is important to zealisers’ behavior. As a result, it can

help evaluate a website based on users’ behaviorgdoavigation of the website.

1.6.Resear ch questions

Based on the problem statement, attempts were toaateswer the questions below.

» Do visitors spend even amount of time in websiiges&

* Where do most visitors spend their time after wigithe home page?

* Do most of the users of AAU official website stadvigation at the home
page or are there many arbitrary routes to its page

* Which pages are the most common pages on whichs ugee up their
navigation?

* What are the extent of match between website desgyexpectation of page
navigation and actual users’ navigation?

* Which pages are accessed together more frequently?

* Do most visitors know where they go after the deamgine?

» Are there directories that are frequently accesisad others?



1.7.Scope and Limitation of the Resear ch
Generally, web mining has different branches: sashweb content mining, web
structure and web usage mining. The focus of #é&arch is on web mining usage

pattern of AAU official website.

There are three types of web related log files, elgrwveb access log, error log and
proxy log files. However, in this research, webessclog records is used as dataset
because literatures and previous researches jubtfly web access log files is the

typical source of navigational behavior.

The limitation in this paper is, to investigate thavigational behavior of users’,
behaviors are expressed using the MINT query. Tlyosgies describes the behavior
of users in generalized manner, consecutively éisearcher of this paper uses some
guery that can describe the behavior of the ugeis,obvious that the result of any

research would be better if more query were used.

1.8.0bjectives
1.8.1. General objective
The general objective of the research is to appbb-wining techniques for
discovering navigational behavior of AAU officialriction usage to reveal previously
unknown interesting patterns extracted in orderetmmmend possible measures for

further improvement of the official website of AAU.

1.8.2. Specific objectives
To achieve the general objective of the reseahdretare specific objectives shall be
addressed.
* To review literature in the area, in order to ponhcrete background and
justification for the research.
» To identify the type of web data, and collect tlatadrom web server.
» To prepare those data set using different prepsttgsechniques.
» To analyze, users the navigational behavior.
* To analyze the sequence of the website i.e. basethe 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 navigationahwer of users.

» To make some appropriate recommendations basdtarohclusions.



1.9. Data Coallection for the Study
In this study, the data collected from the officiab server of the AAU, which stores
normally secondary data source in view of the that web log keeps every activity

of the user regarding to visit of the website.

1.10. Data Selection

At present, towards web usage mining technologg, tain data origin has three
kinds: server data, client data, and middle datexfp). The researcher of the paper,
uses server data stored in the official web seotekAU, those data are kind of log
format that are stored in extended log format. Ehémmats supported by most
Apache server such as AAU web server. See in Apgpendor the detail of the

extended log format.

1.11. Data pre-processing or data cleaning

The rationale of data cleaning is to eliminate lavant items, and these kinds of
techniques are of importance for any type of wabdaalysis not only data mining
areas. For the purposes of different mining appbeoa, irrelevant records in web

access log eliminated during data cleaning.

According to olfa, et al, (n.d), most log files dtél of dusts that are insufficient,
inconsistent, and including noise so the data @aétnent is to carry on a unification
transformation to appropriate sets. To have kinddafasets, there are some data
cleaning phases that are essential to implememtséksoncepts will be described in
(the Chapter 3).

1.12. Data analysis

To address the objective of research, differena daining approaches have been
performed and some statistical analysis on the settdo get penetration about the
web usage trends and to reveal interesting navigatipatterns from the web log

records. For data analysis, web utilization mirepldyed.



1.13. Toolsfor Experiment

There are commercial and free available tools smistsefor web mining. According to
Castellano et al, (2007), WUMprep is one of theliyeavailable tools for preparations
of web log data. It consist a set of Perl scripis ¢leaning the web log file of
irrelevant, automatic requests and creating sessitin designated function for
educational purpose, furthermore navigation pattksgovery are performed on the
portion of the web server log that contains thesiseés. The justification for why

these tools selected will be address on chapterEHHR

1.14. Inter pretation and reporting results
After excluding least interesting patterns from #nealysis, those patterns that are
interesting and actionable ones has been interpratel reported to be used for

reaching a conclusion and for further appropria®mmendations.
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1.15. Organization of the Thesis

This thesis organized as five chapters, the fitsapter deals with the general
introduction beginning with background. It also alissed on statement of the
problem, data collection, data preparation, sc@pel limitation of the study and

objective of the study; etc.

In Chapter 2, presents the literature review, basetivo main areas, data mining, and

web usage mining.

Chapter 3 presents the methodology and algoritifhe researcher points further

discussions on employed tools.
Chapter 4, presents the experiment conductedtsifidding.

Chapter 5 presents like conclusions, recommendatowl further work in this

research area.
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CHAPTER TWO: LITERATURE REVIEW
2. Data Mining and Web Usage Mining

2.1.Data Mining

In According to, Lita, et al (2004), define datanmg “is the process of extracting
previously unknown information from (usually largeantities of) data, which can, in
the right context, lead to knowledge, in other veprthe concept of data mining in
refers to the entire knowledge discovery in databgsocess (KDD).”

This knowledge is not arbitrary; it relates to akgem, the problem we want to solve.
That is why performing data mining to optimize ferformance of a web server. In
reference of Lukas (n, d), the use of data minindiscover which products are being

purchased together or to identify whether theisiteeing used as expected.

2.1.1. Data Mining Approaches

Data mining have two approaches according to (Bte2611), the approaches are
between undirected, and directed data mining, éurttescribe it like thisSThere are
two styles of data mining. Directed data miningisop-down approach, used when
we know what we are looking for. This often takies form of predictive modeling,
where we know exactly what we want to predict. Wected data mining is a bottom-
up approach that lets the data speak for itselflitdnted data mining finds patterns in

the data and leaves it up to the user to determvimether or not these patterns are
important.”

However, there are no generally applicable ruleshow 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.

12



2.1.2. Motivation of Data Mining

Data mining according Sulu, (2003), has emerge@nasof 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 database is the procesgesttifying valid, novel, potentially

useful, and ultimately understandable patterns tsddedata.

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 potentialiseful knowledge from data.
Similar to the above definition, according to 1&0@5), data mining defined as the

process of discovering patterns in data.

Another definition is that data mining is a variaty techniques used to identify
valuable of information or decision-making knowledgn bodies of data, and
extracting these in such a way that can put toinsgeas such as decision support,
prediction, forecasting; and estimation. The datafien voluminous but, as it stands,
of low value as no direct can be made of it; this hidden information in the data that

is useful. For this reason, data mining often refitas “secondary” data analysis.

2.1.3. Limitations of Data Mining

While data mining products can be very powerfulldpthey are not self-sufficient
applications. To be successful, data mining requsidlled technical and analytical
specialists who can structure the analysis andrprée the output that created.
Consequently, the limitations of data mining arengrily data or personnel related,

rather than technology-related.

Although data mining can help reveal patterns aidtionships, it does not tell the

user the value or significance of these patterhesg& 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
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pool of individuals, the user may test the modéhgiglata that includes information
about known terrorists. However, while possiblyaférming a particular profile, it
does not necessarily mean that the applicationigalhtify 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 Wem it does not necessarily
identify a causal relationship. For example, anliagfpon may identify that a pattern
of behavior, such as the propensity to purchadmaitickets just shortly before the
flight scheduled to depart, related to charactesssuch as income, level of
education, and Internet use. However, that doesexssarily 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).

2.2.Web usage mining

Web mining” is the use of data mining techniquegsxtract useful patterns from the
web. Those extracted patterns are used to impravettucture of websites, improve
the availability of the information in the websitesd the way those pieces of
information are introduced to the website user, @nonprove data retrieval and the
quality of automatic search of information resogregailable in the website is being
used as expected”. According to Narendra, et200%), Web mining defined “as the
use of data mining techniques to automaticallyalisc and extract information from

web document and services”.
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Web usage Ter minology

There are various definitions regarding to the osenost common terminology in
web usage mining besides what it have been destiibthe beginning of thesis
(terminology and definition), depends on the fieldstudy 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 chagdeation 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 ouRelimited user requests on ope
multiple servers server
Visit Server session -
Episode Related user requests Related user requests

Table 1 : Terminology comparison table

2.2.1. Web Log 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 writeformation 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 (developpgdthe CERN and the NCSA) are
the commoniog format (CLF) and an extended version of thecCtombined log format,
known as ECLF. According tBerkan, y., (2002), the difference between therthat

the former does not store referrer and agent irdtion of the requests.
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Types of Log Format

Besides the above, the types of log formats canabegorizedinto four; those are

common, extended, cookie, and MS-IIS.

1. Common: The common log contains the requested resand a few other
pieces of information, but does not contain refertser 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]
"CET /index.html HTTP/1.0" 200 3540

2. Extended: An extended combined log format is ameresibn of the common
log format. The combined format contains the samf@rination as the
common log format plus three (optional) additiofialds: the referral field,

the user agent field, and the cookie field. Exasple as follows:

pi casso. wiwi . hu-berlin.de - - [10/Dec/1999:23:06:31 +0200] "GCET
/i ndex. ht m HTTP/ 1. 0" 200 3540 "http://ww.berlin.de/"
"Mozillal/3.01 (Wn95; 1)"

3. Cookie: Cookies take the form KEY = VALUE. Multipleookie key-value

pairs are delineated by semicoldns

pi casso. wi wi . 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"

4. MS-IIS: Kind of log format stores at server sidetioé Microsoft 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, -

> http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format
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Contents of L og Format

Most apache formats are NCSgombined log format , here are aingle format
example entry of the log file , is shown in an gngrstored 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 "-""Modzillal5.0(conpati bl e; Googl ebot/ 2. 1;

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

Address

66.249.67.111

This is the address of the computer making the HiéRiest. 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 identifyrdmuestor. If this information is not

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

Authuser:

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

text, so it is not really intended for security.iffield 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¥YH: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

® http://www.w3.org/Daemon/User/Config/Logging.html#common-logfile-format
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between entries, it can also determine how lonigitov 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 (-) aeso (0).

The transfer volume statistic marks the end ofdabmmon log file. The remaining
fields make up the referrer and agent logs, addede 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 theorisitas located when making the

next request.
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User Agent:
Mozilla/4.0 (compatible; MSIE 5.5; Windows ¢

The user agent stores information about the brqwsesion, and operating system

thereader. The general format isrowser nameversion (operating syster

2.2.2. Taxonomy of Web Mining

In reference Bamshad e(mld),web mining are classified in three main ar namely
web content mining, web structure mining and wedgasmining ,the detail of tho

will be discussed in the followinsection 2.2.3.1

web mining

web content mining web usage mining

web structure mining

Customize General Access

searching mining Usage Tracking Pattern

web page content
mining

Tracking Web Log
Mining

Figure 1: Taxonomy of Web mining,

2221  Web Usage Mining: WUM

Web usage mining can also be defined as the afiplicaf data mining techniques
discover users web naation patterns from web acceZalane et al,(1998) in
addition to abovegeneralized definitiotaccording to Berkan,(2002Yhe aim of &
general web usage mining system is to discoverrgébehavior and patterns frc
the log files by adapting w-known data mining techgues or new approach

proposed.

The sources of the data for web usage mining arendary data as previous
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 data.

19



Furthermore, It has advantage, accord@ly-Hui et al , (2008 Yo enhance the

usability of the web information and apply the teclogy to the web application.

For instance, pre-fetching and caching, person#iza target advertisement,

improving web design, improving satisfaction of ttuser, guiding the strategy

decision of the enterprise, and marketing analggisin 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.

22.22. Web StructureMining: WSM

The category of structure mining, according toal&tr(2000), structure is defined by
"hyperlinks between pages and HTML formatting comds within a page” but

further explained by Lita, et al (2004), accordiogauthor, structure mining which
focuses on link information. It aims to analyze thay in which different web

documents are linked together, mining the link ttite aims at developing
techniques to take advantage of the collective logian 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.

22.23. Web Content Mining: WCM

Web content mining is a research field focusedhendevelopment of techniques to
assist a user in finding web documents that mestriain criterion. The contents of
most of the web pages are texts. According to tksi{2000), graphics tables, data
blocks and data records are also kind of contewtel 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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2.2.3. Generalized structure of web usage mining

Analysis of a website usage could range from gttéogward statistical approach of
analysis such as page access frequency to sophestiborm of analysis such as the

common traversal paths through a website (chitrah Z10).

As HU et al .n.d clearly articulated that in thaiork, web usage mining involves
usage data gathering, usage data preparation, atiawvigpattern discovery, pattern
analysis and visualization and pattern applicatiimese tasks could be generalized

into the following three important phases: pre-pgsing, pattern discovery and

Cmtent and
Structure Data

—

pattern analysis.

k F’reprocessm Pattern D|scove | Pattem Analy5|s
S ____. \,_____ ____// _,___ B /
e
2l | J 7 =
r \ ; / \, / a ;
: | A '\: .
Raw Usage Preprocessed "Inferesting”
Data Clickstream R;:}is‘n;ﬁﬁgs' Rules, Pattemns,
Data = and Statistics

Figure 2: high level web usage mining process &gidet al (n.d), page 4

A. Data collection

Data for web usage mining can be collected at séVWevels. According to Kerkhofs
et al (2001), may be faced with data from a singler or a multitude of them on one
hand and a single site or a multitude of sites. Sémnd way of data collection is on

the web server level.

These servers explicitly log all user behavior mare or less standardized fashion. It
generates a chronological stream of requests tmedrom multiple users visiting a
specific site, but according to Briand, et al, (206an be the collection of the data for

web usage mining most commonly from:
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* The web usage data includes data from web sereesadog, proxy server

* Logs, browser logs, user profiles, registratioragabokies, and user queries.
According to Castellano, et al (2007) the followian also be the source of the data.

* E-commerce and product-oriented user events. Bapping cart changes, or
product click-through, etc.

* Meta-data, page attributes page content, sitetateic

Sour ces of Data for Web Usage Mining

Data that can be used for web usage mining camolected at one of these three

parts and thus we talk in reference with Berkaf2002), of those is:
Server level collection:

* The server stores data regarding requests perfobyetie client, thus data

regard generally just one source;
Client level collection:

* It is the client itself, which sends to a repositamformation regarding the
user's behavior. This can be done either with ahaadbrowsing application

or through client-side applications running on dta browsers.
Proxy level collection:

» Information is stored at the proxy side, thus watadegards several websites,

but only users whose web clients pass through ritveyp

B. Data pre-processing

In reference with Dipa, (2010), data pre-processmgan important step in the
knowledge discovery process, because quality derssare based on quality data.
more ever, this idea of importance of preprocessteps discuss in, Haji, et al,
(2007), emphasis on fundamental role in achievirgammgful and reliable results
from WUM process, without effective preprocessihg tesults obtained will have
negative impact on the next steps of the procesterpadiscovery and pattern

analysis.
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It is important to understand that the quality data key issue when we are going to
mining from it. In reference with Suneetha et &102), nearly 80 % of mining efforts
often spend to improve the quality of data, funthere, the attributes that we can look
for in quality data includes accuracy, completenessnsistency, timeliness,

believability, interpretability and accessibility.
Tools of Preprocessing

Most existing tools provide mechanism for reportirsger activity in the servers and
various forms of data filtering. By using theselspa@etermination 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 beeslo but not adequate for many
applications, furthermore, In reference Cooley let(@997a) the administrator of a
system has an access to the server log. Howewepdttern of site usage cannot be
analyzed without the use of a tool. Therefore, daiing method would ease the
system administrator to mine the usage patterresparticular site. These tools have
no ability in-depth analysis and their performaig@ot enough for huge volume of

data.

There are commercial and free available toolsearsts, according to Castellano, et
al (2007 ), one of the freely available tool foelwlog data preparation called
WUMPrep which consists of a set of Perl scripts daning the web log file of
irrelevant and automatic requests and creatingaes it and its main purpose for
educational purpose. According to Dipa, (2010), dlieer open source preprocessing
tools are WUMprep4Weka; those tools are designesiaiix with WEKA, unlike of
WUMprep, which designed to use with WUM (web uglimn miner).

Further described in Castellano et al, (2007),efa@e commercial preprocessing tools
but the most common tools on tare LODAP (Log DaepPRocessor) and EasyMiner,
the later developed by MINEit software Itd. Bothtbém designed to understand the
most common log file formats. They designed to takmut log files related to a
Website and output a database containing somstgtatabout pages visited by users
and the identified user sessions. The preprocessinipg files is aimed to the
preparation of web data in order to mine significasage patterns. A key feature of
LODAP is the wizard-based interface that guidesuser during the preprocessing of
the log data.
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Data Cleaning

First, irrelevant data should be removed to rediieesearch space and to bias the
result Space. The intention is to identify usesges to build up out of page views,
not all hits in a log file are necessary. As weg files record all user interactions,
they represent a huge and noisy source of datan @mprising a high number of

unnecessary records.

According to Castellano et al, (2007), the datamileg is intended to clean web log
data by deleting irrelevant and useless recordetain only usage data that can be

effectively exploited to recognize users’ navigatibbehavior.

Removing Unnecessary Records as

According to Enrique et al ,(2000), there are twalk of records are unnecessary and
should be removed: firstly the records of graphideos and the format information
the records have filename suffixes of GIF,JPEG, ,G®8 so on, which can found in
the URI field of the every record. Reference Mohtal, (2008), For example, by
filtering out image requests, the size of web selog files reduced to less than 50 %

of their original size.

Secondly, the records with the failed HTTP statudeg by examining the status field
of every record in the web access log, the recarttsstatus codes over 299 or under

200 are removed.

Robots

According Castellano et al, (2007), the term ‘rodot refer to any programmable
software agent that does not access a site inteBctFurthermore, explained in the
paper, these requests can mislead the analystudeetaese sequences do not reflect

the way human visitors navigate the site.
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Types of Robots

In a number of literatures there, many types ofotelbut, According to Brendit,
(2011), two types of robots can be distinguishedegorized) agthical robots' and
"unethical robots’. Ethical robots take by the "netiquette (internefes) for robots"”
or: before they access any page of a site, thegsadte file robots.txt in order to see
what they are allowed to visit and index, and wiatt Furthermore explained in that,
ethical robots have two effects: first, they shdwit "robot identity,” and second,
they only access pages they are allowed to seehldakrobots don't do this. They

may not even access robots.txt.

There are ways to detect whether it's a robot drbased on requests to the web
server, according to Jose et al, (2007); two sulmsstyequests for the same URL are
collapsed into one if the time between the requéistsiot exceed a threshold, e.g., 5
sec. This threshold can be longer than that footolbecause a person needs more
time than a program to make a renewed requesta®uirding Rajni et al, (2009) the

most widely accepted threshold for of 2 secondaéen two consecutive requests the

entries that corresponds to robots can be elindnate

Exclusion of Robots

The most important step of data cleaning was theovwal of robot accesses from the
log data. In reference Berkan, (2002), requestgir@ied by web robots. Log files
may contain a number of records correspondingdaests originated by web robots.
Web robots (also known as web crawlers or web spjdare programs that
automatically download complete websites by follogvievery hyperlink on every

page within the site in order to update the indesearch engine.

Requests created by web robots are not consideeggkdata and, consequently, have
to be removed. To identify web robots’ requestse tHata-cleaning module

implements two different heuristics.

First, all records containing the name “robots.biti the requestedlADIS
international conference applied computing 200duese name (URL) are identified

and straightly removed.
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The Second heuristic is based on the fact thatcthelers retrieve pages in an
automatic and exhaustive manner, so they are diesiz@d by a very high browsing
speed (intended as total number of pages visitaditime spent to visit those pages).
Hence, for each different IP address we calculaebrowsing speed and all requests
with this value exceeding a threshold (pages/sécaralregarded as made by robots
and are consequently removed. The value of thehbtd is established by analyzing

the browser behavior arising from the considerediles.
User and Session I dentification

Once the web log file is processed and all théeivant entries have been removed, it
IS necessary to identify the users that visit ® $ite. The task of user and session
identification is found out the different user sess from the original web access log.
In reference (Rajni, P., et al 2009), user’s idamtiion is, to identify who access

website and which pages are accessed. Howeveragksis not easy, because few
websites that uses authentication to access tloings so the web records, only

records the visitor's host and user agent.

Further description in Castellano et al, (2007) tireblem to identify the user
identification getting worst because different \ass sharing the same host cannot be
distinguished. In addition to that, if proxy servere used, the problem becomes even
more sensitive. The only way to identify a userr@éfierence Rajni, (2009) to use
cookies or authentication mechanisms make theifation of a visitor possible, but

are undesirable due to privacy concerns.

The goal of session identification is to divide fhage accesses of each user at a time
into individual sessions. According to Castellanale (2007), session is made up of
all the visited pages by a user, the techniqguaseth on establishing a time threshold,
so if two access take more than the fixed timestméls. It is considered as a new
session, most accepted threshold of 30 minute8@dskc but according to Jose et al
(2007), threshold of most commercial products disfala threshold of 25.5 minutes.
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C. Navigation Patternsand I mportant to Discover
Sequence and Navigational Pattern

According to Lukas (n, d), sequence is an ordestaf items, in our case web pages,
ordered by time of access. In the pioneering wdrkemuence 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 letigithappear more frequently than
a given percentage threshold over the whole cadlect A frequent sequence is
“maximal,” if no sequence containing it is als@duent. If it is instruct the miner to

find only maximal frequent sequences, we obtairefeand more compact results.

In the reference Berendt et al, 2000, the definitod the sequence-mining problem
has an implication: The items constituting a freaqusequence did not necessarily
occur adjacently. They just appear in many datarcecin the same order, this is
often desirable: to investigate the causes of naatufing errors, only the sequences
containing error and cause, not the many eventeiween. The same is true when

we search for operating system signals.

Generalized sequences

Berendt et al (199958 sequence depicts the behavior of a single usea,\ector of
adjacent page requests. Generalized sequence natrested irpatterns that reflect
the navigational behavior of many users. Such petenay be interesting because
they are frequent, i.e., match many sequencegyradme other application-specific
reason related to their statistics, structure, ontent. Some of the important

definitions explained by the author are:

Let L be a sequence log over sequences from U*leind = gl*g2*:::*gn be a g-
sequence over elements of U. For each i = 2,... dnf@aneach j < i, the “confidence
of gi towards gj within g” is the ratio of the numrbof sequences containing g1 * . . ..

gi—1 * gi to the number of sequences containing g1 §j :

. hits(glx..gi—lxgi
confidencey. QZ=M
hits(glx*...gi)

Whereby the confidence of g1 withing is.

confldence(gl’e’ y=hitstgh

L]
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Output: A set of navigation patterns.
1. Generate the set of All gSequences by travethmg\ggregated Log:
a) For each order-preserving sequence of nodes <nl:; ; nk>ina branch produc

i. The web page referred to in ni satisfies thEetj predicates for variable vi.
ii. The position of ni in the sequence is allovigdthe template.
iii. The occurrence number in ni is permitted vor
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 alreatlyeirset Tested gSequences 4§
testif it can be rejected without building thevigation pattern.
b) If d is not rejected, construct the navigatiattg@rn 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 navigataitem.
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).

192

and

c) If d is not reiected. then outout its navioatmattern

Figure 3: WUM_gsegm algorithm, Page 22, Bettina et al 1999.
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Navigational Pattern

Navigation pattern can be defined as a graph baiébrding to a pattern descriptor.
Obviously, the patterns to be discovered must Iserd#ed according to more general
criteria. In particular, Murat et al (n.b) need aywof specifying the “interestingness”

of navigation patterns, as subjectively conceivethie mining expert.

We suggest that, informally, “interestingness" isp&cification concerning given an
“interestingness descriptor”, it must build all é&mmmant navigation patterns by
assigning appropriate values to all components haf $tatement not explicitly
specified. WUM, Mary et al, (2000), an “interestiegs descriptor" is a query in our
mining language, MINT.

Knowledge Discovery Queries

Similarly to Lukas, (n, d)he believes that good mining results require a&seclo
interaction of the human expert and the mining,taowhich the expert uses her/his
domain knowledge to guide the miner. Therefore, WigMvides a mining query

language, with which the expert can specify thgesilve characteristics that make a

navigation pattern of interest to her/his.

The notion of interestingness based on beliefassudsed in Dietmar, et al (n.d) a
belief is a rule of the form A->B, which is expedtto be true. The same study
proposes mechanisms for the verification of beliafgl the discovery of belief
violations in the context of association rules.tiie best of our knowledge, there is no
respective formalism for beliefs on sequential grats. However, MINT allows the
specification of beliefs or belief violations asgicates. Predicates can also be used
to specify the structure or statistics a navigatimattern should have to be of
significance. Thus, besides the classical minitgreon of a support threshold, much

more elaborate criteria are supported.
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2.2.4. 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 usagenmmijriut In general the techniques

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

Statistical techniques are the most common methodextract knowledge about
visitors to a website by different kinds of statiat analysis (frequency, median,
mean, etc) of the session file. One can extratisstal 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@ny tools, available, perform this
kind of analysis also for free, and its aim is teega description of the traffic on a

Website, like most visited pages, average daily, leitc.
Association Rules

Association rules capture the relationships amtegs based on their patterns of co-
occurrence across transactions. Given a set afdcdions, where each transaction is a
set of items, an association rule is an expressidhe form X=>Y, where X and Y
are sets of items such that no item appears maie dhce in X u Y. The intuitive
meaning of such a rule is that transactions inddt@abase which contain the items in
X tend to also contain the item in Y. AccordingMaja (2011), two common numeric
guantifies how often the items in X and Y occurdtbgr in the same transaction as

fraction of the total number of transactions.

In the reference Kobra (n.d), describes the assogiaules in context of web usage
mining, refers to sets of pages that are accesgedhier with support value exceeding

some specified threshold.

Furthermore explained, in Federico et al (200@)letarly indicates that these pages
(sets of pages) may not be directly connected ® amother via hyperlinks. For
example, using association rule discovery techmigeen help to find correlations

such as following.

> 40 % of users visit the web page with URL /home#iagnd the web

page with URL /home/page2 in same user session.
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» 30% of users, who accessed the web page with UBinéfproducts,

also accessed /home/products/computers.

Further generalized in Bamshad et al, (n.d), thenrithea is to consider every URL
requested by a user in a visit as basket data)(eewh to discover relationships with a

minimum support level between them.

Sequential Patterns

This discovers frequent subsequences as patterrss sequence database, in an
important data-mining problem with broad applicasip including the analysis of
customer purchase behavior, web access patterigs)tiic experiments, disease
treatments and so on. According to Kobra,E.,(rsdyjuential pattern mining finds all
of the frequent subsequences, i.e., and the subsegs whose occurrence frequency

in the set of sequences is no less than min_support

In web server logs, a visit of a user is recordeer @ period of time. A time stamp
can be attached either to the user session oretantlividual page requests of user
sessions. By analyzing this information with sediapattern discovery methods, the
web mining system can determine temporal relatipssahmong data items such as

the following:

» 30 % of users who visited /home/products/dvd/mqviesd visited
/home/products/games with in the past week.
» 40 % of users request the page with URL /home/misdmonitors

after visiting the page /home/products/computers.

Further descriptions in Bamshad et al, (n.d), aedegalized as; the attempt of this
technique is to discover time ordered sequencddRifs followed by past users, in

order to predict future ones.
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Clustering

According to Kobra (n.d), clustering is a techniquegroup together a set of items
having similar characteristics. In the web usagenaia, there are three kinds of
interesting clusters to be discovered: session clusters;"@iser clusters; "3page

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 refererf@Gastellano, G., et al, 2007), Page
clustering can be partitioned into two methods. fits is to cluster pages according
to their contents. For this method an analysisefdontent of website is needed. The
second method computes clusters of page referdrasesi on how often they occur
together.

In reference with Robert, C., et al, (1997), geliszd as meaningful clusters of URLs
can be created by discovering similar charactesdietween them according to user’s

behaviors.

Classification

Classification is the task of mapping a data itato bne of several predefined classes
Robert et al, (1997), in the web domain, and onaterested in developing a profile
of users belonging to a particular class or categ®his requires extraction and
selection of features that best describe the ptiggeof a given class or category.
Classification can be done by using Maja, (201lpesvised inductive learning
algorithms such as decision tree classifiers, n@eagesian 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 /Profucsic are in the 18-

25 age groups and live on the west coast
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2.2.5. Applications of Web Usage Mining

The general goal of web usage mining is to gatieresting information about users
navigation patterns (i.e., to characterize webg)sdihis information can be exploited
later to improve the website from the users’ vieimpoThe results produced by the
mining of web logs can use for various purposes

» To personalize the delivery of web content.

» To improve user navigation through prefetching eaching.

* To improve web design.

» To improve the customer satisfaction.

Per sonalization of web content

Web usage mining techniques can be used to prop®isonalized web user
experience. For instance, it is possible to arditeipin real time, the user behavior by
comparing the current navigation pattern with t@pipatterns which were extracted
from past web log. In this area, recommendatiortesys are the most common
application; their aim is to recommend interestiimis to products which could be
interesting to users (Federico et al, 2000), pexted site maps are an example of

recommendation system for links.

Prefetching and Caching

The results produced by web usage mining can bdoieegh to improve the
performance of web servers and web-based applisatibukas (n, d), further
explained that typically, web usage mining caubed to develop proper prefetching

and caching strategies so as to reduce the sesomse time.

Support to the Design

Usability is one of the major issues in the desigd implementation of websites. The
results produced by web usage mining techniques mawide guidelines for
improving the design of web applicatioridses output to evaluate the organization

and the efficiency of websites from the users’ \peimt.
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According to Federico et al (2000), exploits welbge mining techniques to suggest
proper modifications to website. Adaptive websitegresents a further step in this
case; the content and the structure of the welgsite be dynamically reorganized

according to the data mined from the users’ belmavio

E-commerce

Mining business intelligence from web usage datdr&matically important for e-
commerce web-based companies according to Sul@®3f2@ustomer relationship
management (CRM) can have an effective advantame the use of web usage
mining techniques. In this case, the focus is omifass specific issues such as:

customer attraction, customer retention, crosssaled customer departure.

2.3.Related works

Web usage mining encompasses studies in which letmelis obtained through the
analysis of web usage. This covers correlationsrgnpooducts or web pages, market
segmentation based on user demographics and itsteasswell as analysis of a site’s

Success.

The discovery of web usage patterns with conveatiarining techniques is proposed
in Tianyi, (1995), discover frequently accessedhpaby applying a methodology
similar to the discovery of association rules oigatJRL requests into user sessions.
Bamshad et al ,(n.d) and then apply associatiendisicovery and sequence mining to
extract correlations among pages Berendt, et &lQRfropose a similar approach for
mining frequent traversal paths and groups of mimsguently visited pages
Masseglia,et al,(n.d),contribute an approach fonimg dynamic databases more
efficiently for sequences. However, in Carstenlet(2000) it has been shown that
conventional mining algorithms are not approprifmethe discovery of web usage

patterns, because

v" Modeling navigation patterns as associations oueseces oversimplifies the
problem and
v/ Statistical measures like frequency of accesst@yesimple for navigation

pattern discovery.
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The different conception of navigation patternsweetn WUM and other sequence
miners is due to the fact that they concentratgpaiterns that reflect correlations

among events (here: page accesses).

WUM focuses rather on depicting and exploiting thevigation behavior of user
groups, in order to improve the website accordin@lyr first results have shown that
the model of navigation patterns is appropriattis context Carsten et al (2000), but
also that it must be accompanied by a model thaisores and improves success and
by a procedure for the mining process. In this wtud presents the complete
framework of modeling success and navigation beitaand combining the two to

improve the success of a site.

Also apply OLAP technology to analyze web usage aMlyn.d), for e-commerce
applications. The data of interest in this contagtude not only web logs, but also a
concept hierarchy, background knowledge of the expes well as previously
discovered results. The study reveals the impoetacelectronically capturing and
exploiting data from multiple sources in order terfprm web usage mining.
However, the work presents no results on how thliferent information assets are

combined during analysis.

The miner proposed in Navin, et al (2010) discogtasistically dominant paths using
a methodology for the discovery of associationguldowever, the assumptions made
on building those paths are rather over-restrictia instance, visitors of a web page
do not usually visit all children of this page, lwihe exception of certain application

domains like electronically available course maiteri

The association rules target goal that on discogeail frequent patterns among the
transactions, the problem originally initiated bfgfawal et al) and is based on
detecting frequent item sets in the market badiet,in the context of web usage
mining, association rules refer to set of page #énataccessed together. Usually these

rules should have a minimum support and confidémdee valid.

Further explained in Enrique et al (2000), The Apralgorithm is widely accepted to
solve this problem. Association rules can be usecdetstructure a website, to find
shortcuts, an application especially useful foreldss devices or to prefetch web

pages to reduce the final latency the data usesbtain frequent patterns in a web
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mining problem has a very important characteristics sequential. The user accesses
a set of pages in a given order and it is very igud to capture this order in the final
model obtained. Unfortunately, the two previous mds lack any kind of
representation of this order. Clustering identifigeups of pages that are accessed

together without storing any information about sieguence.

Association rules indicate the miner proposed ia ohthe earliest works in this are
discovers statistically dominant paths using a wdtkogy for discovers statistically
dominant paths using a methodology for the disgpeéra website association rules.
The “Foot prints “tool of records the footprintstidehind by website visitors and
accumulate them into frequently accessed paths.“PhgeGather” tool of uses a
clustering methodology to discover web pages \dsitgether and to place them in

the same group.

The “WEBMINER” tool of (Bamshad.m. et al, (n.d))owides 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.

According to Ballman, et al (1997), SpeedTracea i8eb usage mining and analysis
tool which tracks user browsing patterns, genegatgports to help webmaster to
refine website structure and navigation. SpeedTra@kes use of referrer and agent
information in the preprocessing routines to idgntisers and server sessions in the
absence of additional client side information. Tapplication uses innovative

inference algorithms to reconstruct user travegratthis and identify user sessions

There are some web usage miner tools, which carsée to the navigational pattern
discovery for web user behavior of the websitepatiog to Bettina, et al (1999), the
two most important tools for navigation pattern,dvBDAS, 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, buthbot them are equipped with a

mining language.
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According to Sulu (2003), the query processor ¢®iporated to the miner in order to
specify characteristics of discovered paths tha muteresting 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 extensiveotitee WWW, most widely tools are

summarized as by Jaideep, et al (n.d) ,follows wi#ir applications namely general ,
business ,site modification characterization ardqurealization.
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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
jwow  Jeenem 1 [ L P ) x|
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

Table 2: Web usage mining research projects aodijgts
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CHAPTER THREE: METHODOLOGY

3. Overview

According to Jaideep, et al (2000), web usage mihis three main processes to reveal
knowledge out of the data warehouse or log file (8gure 4). As discussed in chapter

two, there are various tools and algorithms foringrweb logs.

Log File J
\ll

Data preparation

or Data cleaning

\l/

Pattern Discovery

\l[

Pattern Analysis

i
\l[

Knowledge

Discovery

Figure 4: web mining usage main process to discover knowledge.

Description of the model

A. Logfile:

A web server log is an important source for perfognweb usage mining because it
explicitly records the browsing behavior of sitesitors. According to Jaideep, S (n,d),
the data recorded in server logs reflects thesfplysconcurrent) access of a website by
multiple users. Those logs files can be storedamous formats such as common log or

extended log formats. An example of log Extendegdftomat is given in Appendix I. In
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this paper, an extended log formats are implemergedollected from the web server of
Addis Abba University that official hosts the watef Addis Ababa University.

B. Data preparation:

Data preparation or data cleaning is an importeg that must be undertaken. The data
cleaning is a set phases, those phases have stagess removing irrelevant requests,
removing duplicate requests, identifying users arehting sessions are among those

phases. In this paper all those steps will be eyaplo

C. Pattern Discovery:

In navigation pattern discoveryll patterns that have certain properties, such as a
minimal frequency within the whole population. egsience mining, pattern discovery is
usually subject to constraints on minimal frequeang maximal length. In particular, the

mining language of WUM, MINT, supports the speation of “templates”.

A template is a vector of variables and wildcaas] is accompanied by constraints on
the statistics and content of the events (heree magurrences), to which the variables
can be bound during mining. Similarly, the wildcaimbse structural restrictions on the g-

sequences that match the template.

D. Pattern Analysis:

Pattern analysis is the last step in the overall w&age mining process in, challenge of
pattern analysis is to filter uninteresting infotioa and to visualize and interpret the
interesting pattern to user$he most common form of pattern analysis consita o
knowledge query mechanism such as SQL or MINT qusege in Appendix VII for
syntax of MINT). According to Dietmar, et al (n.t)ere is another method is to load
usage data into a data cube in order to perform ®Lldperations. Visualization
techniques, such as graphing patterns or assigrolays to different values, can often

highlight overall patterns or trends in the data.
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3.1.Tools Selections

As it has been described in chapter TWO, a lobofstthat exit§or preparing a dataset
for various purposes, but the selection of toolsaseasy, since every tool has designed
for specific purpose, however most of tools caratwé to produce quality outputs unless

combine various tools in order to yield efficiemd effective results.

The researcher of this paper selects the two majs (WUMprep) and WUM (web
utilization miner) to meet the objective of thegarch i.e. navigation behavior of the web

users. The explanation of the why those tools @lected, given below.

3.1.1. Tools for Log preparation

The researchers choose the WUMprep tools becauaepdsparation using WUMprep
scripts is a straightforward and efficient one tiprecedure that prepares the data. Its
primary purpose is to be used in conjunction whle tveb usage miner WUM, but
WUMprep might also be used standalone or in cortjanavith other tools for Web log

analysis.

Therefore, the researchers of this paper no nedathptement other data preparation
mechanisms, besides the navigational tool i.e. Wb utilization miner) combative

with the data processing tool (WUMprep).

3.2.Data cleaning
3.2.1. Removing Irrelevant Requests and Status

Removing of irrelevant record is significant. A®$le requested log files not only contain
requests to the pages comprising the website, Isot raquests of images, scripts etc.
embedded in these pages. Therefore, removing thesendary requests is significant.
The table below shows the list of irrelevant extemsequests within the log file.
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Format Description

Extension

\.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 compressidn;image file in that
format.

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

Table 3: Irrelevant requests, (Extension of URL).

Read record in database (Web mining base).
For each record in database

Read fields (URI — stem) //URI- stem indicates
The target URL//

If fields = {*.gif,*.jpg,*.css,*.jpeg,*.ico} then
Remove records

Else

Save records

End if

Next record

Figure 5: Algorithms for
removing irrelevant requests

In addition to the above, the researcher only @dted to filter out requests that are only
successful requests which mainly show users whavpat they want, not what they did
not. Because these requests do not indicate effebtiowser activity of the users who

had been visiting the website.
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Both “200” status from the log HTTP records anduesxi message which contains
“GET” only filtered out. Figure below shows an aliglom that extracts both GET and
status 200.

Input: Web Server Log File
Output: cleaned file
Stepl: Read LogRecord from Web Server Log File
Step2: If(LogRecord.mehod="GET’) AND
(LogRecord.Sc-status<> (301,404,500)
then Insert LogRecord in to new file.
End of If condition.
Step 3: Repeat the above two steps until eof (Weehe® Log File)
Step 4: Stop the process.

Figure 6: Algorithms that extracts GET and status

3.2.2. Removing Robots

To distinguish between human users and hosts tlatr@bots, there exist several
heuristics. They are implementing using scriptstiyr all records containing the name
against “robots.txt” which contains list of knownbiots, in the requested resource name

(URL) are identified and straightly removed frone thriginal log files.

3.2.3. Removing Duplicate Requests

If a network connection is slow or a server's resgotime is low, a visitor might issue
several successive clicks or requests on the smkdéfore the requested page finally
appears in his browser. Those duplicate requestsnaise in the date and should be
removed. The researcher used the most widely astepteshold of 2 seconds between

two consecutive requests to eliminate redundanteslg ( Jose et al (2007)

44



3.2.4.Session

A session is a contiguous series of requests framgle host (in context of web usage
mining, a session requested of series pages ardené). Multiple sessions of the same
host can be divided by measuring a maximal page vime for a single page. Session
which is computed by taking any URL time stamp this paper implemented the most
accepted time threshold which is 1800 sec or BO to identify the sessions using the

these timestamp, Sulu, G.,(2003).

L : the set of input logs.

[L]: the number of input logs

Dt : time interval (1800 sec or 30 min)

S: The set of sessions

|[§ : The number of sessions.

Input: L,|L|, Dt

Output:S |§

Function Log-Parserl(, L, Dt)

For eachLi of L

If METHOD:i is ‘GET’ and URL is ‘WEBPAGE'’ //1.if
If $ SkT Open_Sessions with IPk =ilthen //2.if
If (TIMEI-END_TIMES(SKk) )< DY) then // 3.if
Sk = (IPk, PAGEKUURLI)

Else

CLOSE_SESSION(Sk)
OPEN_SESSION(IPURLI)

End if //lend of 3.if

Else

OPEN_SESSION(IRURLI)

End if //end of 2.if

End if //lend of 1.if

End for

Figure 7: Algorithm for session

creation

45



3.3.Divide log for mat

The preprocessed data needs to be divided into geabe size before introduced into
WUM because the size of those log files are lamyd intakes long time to process the
data. The researcher implemented a Python codeefmare the processed data for the
WUM.

3.4.Tool Selection for Navigational Behavior

According to Analia et al., (2003), navigation eatt discovery performed on the portion
of the web server log that contains the sessidhg discovered patterns reflect the

desired behavior of the visitors; these patteredfagn uses as a basis to analyze.

According to Bettina et al (1999), web utilizatiamner, have two major modules: the
Aggregation Service prepares the web log data famg and the MINT-Processor does
the mining. Further explained, the Aggregation mervextracts information on the
activities of the users visiting the website andugis consecutive activities of the same
user into a transaction. It then transforms traiisas into sequences. Its major task is to
merge those sequences into a trie structure, oohvdggregated statistical information 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 WUMaets 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@mode of which corresponds to the
occurrence of a page in a trail. Common trail pegiare 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 traikpleknown as “support” of the node.
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The MINT-Processor mines the aggregated data aicgptd the directives of the human
expert further described in Marya, et al (n.d), \MT’ is the mining language serving as
interface between the user and the miner. The exges MINT to instruct the miner on
the formulation of the output, and, most importantin the interestingness criteria to be

satisfied by the desired patterns.

According to Bettina,et al , (1999), generalizedatption like “The MINT-Processor is
responsible for identifying common patterns in ldrge aggregate tree of the aggregated
log, merging them to aggregate graph objects, cdmgputhe node supports and

evaluating the query predicates”.

Besides to the above, the following points coulddieen as a reason why the researcher

selected the WUM as tool for navigational tool.

* It has designed to work with the WUMprep module ighhs responsible for the
pre-process phase).

* Itis free open source tool.

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

« WUM, uses for the discovery of navigation patterasd visualization of
interesting Patterns.

It is a sequence miner Myra,S.,(2000), and it camegate comprehensive
statistical report regarding the web log in bettary so that it can be used as in
put for other tools for better visualization e.gichdsoft EXCEL.

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 website andadisr navigation patterns in the form
of graphs. It discovers patterns comprised of es/dmdt are not necessarily adjacent and
satisfying user-specific criteria is a mining systdor the discovery of interesting

navigation patterns.
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CHAPTER FOUR: EXPERIMENT AND FINDINGS

4. Over view of Experiment setup

Based on the methodology discussed in chaptee3xperiment setup conducted on the

following set up;

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

» Operating system: Microsoft window 7 ultimate edition.

* Processor: Intel (R) Pentium (R) Dual CPU T3200 @2.00GHZ 2.00GHZ.
* Web mining tool: web utilization miner (WUM?7.0 the |atest version).

» Supported tools: Java version 1.5 (WUM java based tool).

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

» Python code: To divide clean web log into manageable size.

4.1.Data Collection and Selection

As it has been pointed out earlier in chapterswhbb log records on official website of
AAU was source of data for research. Web data legeveollected from the web server
of the university’s official website. This web serwstores different kind of log formats
such Access.log, SSL request logs, and SSL ergs. I&ccess log records for both
months of November and December were used forrihlysis, as they were available at
the ICT office.

48



4.2.Experiment
4.2.1. Data Cleaning

The data collected from the AAU web server loge ldny other logs are full of junks,

noises, as well as robots (spiders, crawlers). @sbsuld be removed to have clean web

logs to achieve appropriate, efficient, effectivegadlogs. Data cleaning is not a single

step, its set of steps or phases; the logs neéeé tdeaned through some preprocessed

steps because it is crucial steps to truck dowrusiees’ behavior of the official website.

The sample log data that are extracted from AAlbteeiny preprocessing steps taken

place.
66. 249. 65. 124 - - [ 28/ Nov/ 2010: 04: 26: 35 +0300] "CGET
/i ndex. php/ gl obal -t ext - proj ect HTTP/ 1. 1" 200 22916 -
"Mozillal5.0 (conpati bl e; Googl ebot / 2. 1;
+htt p:// ww. googl e. conf bot . htm )"
66. 249. 65. 87 - - [ 28/ Nov/ 2010: 04: 26: 37 +0300] " GET
/i ndex. php/ conponent / event s/ vi ew_nont h/ 2009/ 06/ 01?cat i ds=97
HTTP/ 1. 1" 200 38809 "-" "Mozilla/5.0 (conpatible; Googlebot/2.1;
+ht t p: / / www. googl e. conf bot . htm ) "
66. 249. 65. 104 - - [ 28/ Nov/ 2010: 04: 26: 43 +0300] "CGET
/i ndex. php/ conponent / event s/ vi ew week/2011/04/26 HITP/1.1" 200
28388 A "Mozillal5.0 (conpati bl e; Googl ebot / 2. 1;
+htt p: // www. googl e. conf bot . htm )"

Figure 8: A small extracted raw web server log eahfrom AAU.

In the above figure 8, it can be observed thatfilegneed to be processed and steps for

preprocessing will be discussed in the followingtiems.
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4.2.2. Removing Irrelevant requests

Removing irrelevant request lead to diminisheddhginal size of raw log files. Those
repeated requests that may come within requests.ekample, the original raw log
records size were 50,701 KB records and after t filter script employed the
preprocessed data became to 12,416 KB. In WUMpuap the scriptlogFilter.pl is
designed to perform this task for removing irrelevaquests.

=
B CrPerbimpert.exe “—— e e

= ——
Heading conflgulat1on flle C /U“el“/ndmlnl“tlatol awvet—PC-/DesktopsUUMprep3d  src vl
umprep._conf .

Readlng lng format definition... | =
host_ip

: ident

H auth _user

_daw

= tﬂ month

= ts

u1
. A nutes
: ts_seconds

I-UW\JU’\W;&L\JMH@
. " "

= t=
: method
= path
= protocol
fField : status
E i 14: sc_hytes
kField : ignore

i : referrer

: agent

[ i session_id
C - \U“el“\ndmlnl“tlatol auwet— PC\DE“ktDp\uUleep3\“lc\logF11tel pl:
iIFiltering input log file 1: access ..
<4 7088 11ne¢ plocessed =

Figure 9: removing irrelevant records sample.

4.2.3. Detection of Robots
The process of detect robots are very importamlitonate the irelevent records whch
are caused by misuses that comes from otheuna=olike (speider ,web crawlers).
other words , web surfs that are too fast forroaty pepole to do one belived to came
from speiders or crawlers. In the expertment, theedion of robots employed after
removing irrelevant requests that runs againgntiex list* , which “index list* contains
known list of robots. The number of robots that evdetected from the web server logs
are shown below,for the detail of robosts see ipelix VII. In WUMprep suit,they are
implemented in the scripemoveRobots.pl,and give the follwing results.
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@ ChPerf\bin\perl.exe

[
nwan

m| »

s_minutes
s_seconds

p.conf . .

Processing list of known robots
PRemoving »obots fxrom log access.clean ...
Processed 55888 lines of log

Total number of hits: 55183

Mumber of »obot hits: 29956

= of total by robots: 54_.36

Writing output and performing DHE lookups <if neccessaryl

e = -

Figure 10: sample removing of robot hits

According to the experiment conducted for one wiedRecember, the numbers of robots
inside the log format were 54.36 % of the totak l{gee figure 10). For the months of
November, the total numbers of robots against thal thit were 39.68 %. Figure 11

shows a Sample of robot log lines that resulteer giteprocessed of log filter:

208. 115.111. 247 - - [05/ Dec/2010: 05: +0300]
"GET /robots.txt HITP/1.1" 200 --304 "-"
"Mozilla/5.0 (conpatible; DotBot/1.1;

http://ww. dot net dot com or g/,

crawl er @lot netdotcomorg)" (robots.txt)

208. 115.111.247 - - [05/Dec/2010: 05: +0300]

Figure 11: Sample robot log files.

From the above results (figure 11), for examplesaih be observed requests that came
from same IP address that 208. 115. 111. 247) within two seconds, (see the shadow)
from the field of date. [05/Dec/2010:05:03:20 +03@Hd 05/Dec/2010:05:03:21
+0300), should be removed because those requestotdeshow an ordinary human

behavior.
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4.2.4. Session
The session is performed after the detection ofdhets and gives the following results

as shown below. In the WUMprep suisessionize.pl is the script that supports this task.

@ CAPerl\bin'perl.exe — - lﬂlﬂ—hl

R —— e P
'eadigg configuration file C:sUserssAdministrator.avet—FPCrDesktop/Znd/src uunpre]l
p.conf...
Readigg configuration file C:s/Users/Administrator.avet—PCrDesktop/2Znd/src uwunmprels
p.conf...
Heading log format definition...
Field = host_ip
Field : auth_user
Field : ddent
Field : ts_day
Field : ts_month
Field
Field
Field
Field
Field H
Field 18:
Field 11:
Field 12: protocol
WField 13: status
i : sc_hytes
: session_id
inistrator.awvet—PC\DesktopsZndisrchsessionize.pl:

AN L N E

zessions in log access.clean.nohots ...
28888 lines processed...

Figure 12: sample-session process

The session.pl creates number of sessions, acgotdimy experiment the number of
sessions created were about 23,411. Some logviinies exceed from the time threshold

i.e. 1800 sec or 30 min are removed. See the sétaflppendix VII.

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/2010:04:34:390)3GET
/index.php/academics/schools/348-schools?tmpl=coemp&print=1&page=
HTTP/1.1" 200

245208:4|68.52.248.143 - - [28/Nov/2010:04:35:230) "GET / HTTP/1.1" 200

245208:2|10.6.13.€- - [28/Nov/2010:04:41:19 +0300] "GET / HTTP/1.0" 2

Figure 13: Sample common log format after Session.
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From figure above, it can be observed that onl\2@0" and “GET” filtered out after
creating session to indicate that only successfgliests from the website users. It can

also be noticed that sessions also created.
Generalized Reports on Preprocessing

Since every activity the official website users exeorded on web server log file. After
some significant preprocessing steps, the numbereobrds reduced in substantial
manner (see in the following table). Not all thoseords able to show ordinary behavior

of users’. The preprocessing was undertaken foh bobnths of December and

November.
Original log After removed | After detected After Cleaned data for WUI\Z‘)
entry records | irrelevant data robots Sessionize
per day
220,340 150,127 70,564 25,005 25,005
230,087 160,743 72,087 24,060 24,060
200,406 148,906 63,480 21,000 21,000
190,967 138,967 50,653 19,734 19,734
200,190 178,300 60,752 20,674 20,674
200,150 167,543 47,897 19,653 19,653
220,205 120,950 62,096 23,765 23,765

Table 4: A Sample records for the week in Decenalfter undertaken the preprocess
phases.

Note:* The cleaned common log format cannot be directly fed into the WUM they must be

dividing for manageable size, using the python code.

As it has been mentioned earlier in this chapler,lbg files are contains irrelevant data,
irrelevant records, and noises as consequent it bmardiscovered from the above
experiment table that, the size of original logremécords decreased in average of 80 %
for the months of December. For the month of Novemthe size of records of original

entry decreased in average of 73 %. See in thendpp¥|.
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4.3. Navigational Behavior of December
4.3.1. Aggregated LOG tree

An aggregated tree is created after preprocessinmpleted on the raw web log. Those
log files which are directly feed into WUM aftervdie in to manageable size using the

Python code. The aggregated tree for the montBeoémber as follows.

ﬁ WUNgui [websiteAAu] - Aggregated Log

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 14: Sample aggregated tree for the month of December

As it can be seen from the above figure 14, anexgged log tree that, the total numbers
of nodes or the total traverse made by users’ w225 for one week in the month of

December. Based on the aggregated log tree the Mjiaries were applied to find
interesting patterns.
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4.3.2. Sequence and Navigational Discovery of Users

As it has been previously mentioned in chapterethtbe generalized sequence pattern

describes users the behavior by filtering out thteresting pattern. The experiment is

done using most interesting patterns specifiedgusia MINT query.

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

Explanation of the query

In this query, it specify a template t with two idoles “a”, “b”, thus seeking for two

pages bound to “a” and “b” and at most 5 arbitq@age occurrences in between denotes

that “a” should be bound to the first page whicliinslex.php/home and at least visited

(confidence) 20 % occurrence in a session.

The above query have resulted a patterns (see ifofllowing figure).

Type of Results: ® Complete Patterns ) Partial Patterns
Pattern Variable URL and Occurrence Abs. Support Confidence
1 a findex php/home; 8 10 A.0| -
1 ] findex.php/admissions/graduate; 2 3 0.3 _
2 a findex.php/nome; 13 1 10| |
2 b findex phplacademicsifacultiesfaculty-of-medicine; 6 1 1.0
3 a findex. php/home; 13 1 1.0
3 b findex.php/registrar; 3 1
4 a Jfindex.php/home; 10 4 1.0
4 b ndex.php/admissions/graduate; 2 1 0.25
5 a findex. php/home; 3 87 1.0
5 b findex php/home; 5 2703103448275
] a findex php/home; 4 49 1.0 =

Figure 15: navigation pattern
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Here, we have received all pages reached withire fipages after HOME
(index.php/home). Which has been accessed 100 oe mmes, provided that those
pages have been accessed by at least 20 % or Ddth&ovisitors visiting HOME, but as
it have been discovered most accessed pages & fofngb/academics/faculties/faculty-of-
medicine, /index.php/registrar users stay 100 %inisthe content of it. Naturally, users’
who have visited 100 % home page also visited itidex.php/admissions/graduate for
30 %, (Berendt et al (1999)).

Navigation pattern:

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

[ Tree Graph | Tree View |

a = [findexphp/homeS:10] [index.phpihame;d;5] [findex.phprhome;10:3]  [fadmissionsigraduate;1;1] b = fadmissionsigraduate; 2;1]
| | | | a

h = [fadmissionsigraduate; 2;1]
o

[index.phpfadmissions;2;1]1b = [fadmissionsfgraduate; 2;1]
u]

As it can be seen from the navigation pattern ggunost of users were visited the page
of /admissions/graduate after it have been viditedhome pages, discovered that most
users stay in the HOME page (/index.php/home) amdgated between the 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 twanables “a”, “b”, thus seeking for with
two pages bound to “a” and “b” and at most 5 aabjtrpage occurrences in between
denotes that “a” should be bound to the first pabech is /index.php/home. This page
should be visited at least 100 % and b page shmildt least visited 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 56

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




The previous issued query results one patterns .

Type of Results: '® Complete Patterns i Partial Patterns

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

Here, we received all pages where “a” 18 éntry, which has been accessed 100 or more
times, provided that “b” has been accessed byaat 22 % of the visitors visiting “a” and
“b” has been accessed 22 %, those two URL are seddsgether.

Navigation pattern

findex. phpfhome: 3:52] b= [findex.phpfhome; 4;23]
L u]

Fadmissionsigraduate;2;1] b = [findex.php/home; 4:1]
a

[adrmissions/graduate;d:1] fadmizsionsigraduate;5;1] b = [lindex phpfhome; d:1]
| | u]

[dgettCompilationxls;1;1]  Fadmissionsigraduate;4;1] findex phpfsiter-map;1;1] b = [findex php/home;4;1]
| | ] u]

m3 b = [lindex.phpihame;4;1]

u]

Figure 16 : Navigation pattern

From the above figure 16, we have received thatnwhisitor start at looking at
/index.php/home page, 50 % of them stayed withis shbject area that is related to the
admission and graduate.

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

In this query, we specify a template “t” with twanables “a”, “b”, thus seeking for with
two pages bound to “a” and “b” and at most fiveitagloy pages. Occurrences in between
denotes that “a” should be bound to the first padech is /index.php/home, page should

be visited at least 20 % and “b” page should notibiged in the sessions.

Figure 17: Query to identify where users’
go after read blogs.
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Hattern vVarnabple UKL and Uccurrence ADS. Support confidence
1 a 15 349 1.0
1 b I8 73| 02091690544,
1 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 output of the above issued query, resultedgatterns ,here we recived most users
reaching the page /index.php/view-blog pages afsers stay 100% in the page of root
page (/) and /aau_staf load/enterLoadinfo.php amusome users stay 20% and 50 %

respectively stayed in the home page before rebichéndex.php/view-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 a a

¢ = [findex.phphiew-blog;1;1]

a=[hT:224] b=[10;46] = [findexphphiew-hlog;1;1]
a a

O

Figure 18: pattern flow

The users did not take a single paths to reacmdex.php/view-blog most of the users
took a path from the root pages, and the secondt mesrs took 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 thregiables a, b, thus seeking for with two
pages bound to “a” and “b” occurrences in betweemotes that “a” should be bound to
the first page which is /index.php/home. “b” pag@dd be at least visited 15% . Page
“c” (confidence) occurrence is at least 30% aisess

Figure 19: Query to issued where visitors
go after search engine of AAU

Pattern:
Type of Results: @ Complete Patterns i) Partial Patterns
Pattern | Variable URL and Occurrence Abs. Support Confidence

1 a findex.php/component/searchl; 5 53 1.0
1 b findex. php/component/searchl, 6 21)0.3962264150...
1 C findex.php/component/searchl, 7 12| 02264150943, ..
2 a findex. php/component/searchl, 6 £y 1.0
2 b findex.php/component/searchl, 7 16| 0.5161290322..
2 C findex. php/component/searchs, 8 710.2258064516...
3 a lfindex php/component/search; 1 431 1.0
3 b findex.php/component/searchl; 2 145(0.3364269141...
3 C findex.php/component/searchi, 3 66| 0.1531322505...
4 a findex.php/component/searchl, 7 23 1.0
4 b findex. php/component/searchs, 8 10| 0.4347826086...
4 C findex php/component/searchl;, 9 7103043478260,
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All the above patterns showed that users’ do kndwere they are looking for. Most of
users who stayed in search engine 100% and staysipage for average of 40%, they do

search function stay within search the page.

G-sequence pattern

WUMgui WUMLOGRnov] - 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]

Figure 20: G-sequence result

From the above of the figure, the researcher daneet to put all the g-sequence from

the navigation pattern that users stay in the bepage as we can see from 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 astlel0 % 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"

Figure 21: Query issued to find navigational pattern

The above query results the following navigationeg,

Y= [inde phovacademics TR [indepipt: ] [ne-cuturakhertace ] = [indesohoiacademics 21

i | | | i
V= inexphpiscaderios 22

—
[] [lege-atsdication ! ] i3] [indeephateontaiss:t ] y=[indeeohniacademios 21
1 1 1 1 i

Y= inde phpfacademics 2]

—]

Figure 22: navigational tree

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 website.
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4.4 . Statistical Analysisfor the Months of December

The WUM generated aomprehensive repc in web format; the researcher emplo

other tool like (Microsoft Ecel) for better visualization. The report wile discussein

the following sections likewhai are, most requestgrhges, most visited pagand most
visited directory as well as most referee pages forntomth of December will b
discussed.

4.4.1. Most requested pages

The following table shows the top ten most accegsages dung the monthsof
December. For theest of the moni, see in appendix I.

Most Requested Pages

m/

2.45% 1.73%

H /index.php/

m /index.php/component/search
/

M /ies/

M /index.php/philosophy/

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

/index.php/academics/faculties

/
m /index.php/admissions/

Figure 23: Top 10 most requested pages.
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As above figure shows, the top ten most requesigespfor the months of December, the
most requested pages were root “/” or www.aau.¢dipages followed by
/index.php/component/seardid the page /index.php/library-and-museum

This is reflection of that, the /index.php, pageswaost popular page by most users in all
the three months. In fact, this seems to showrtiwt visitors have entered into the site
directly or typing the website address. The searafine of the Addis Ababa University
page were the second most requested pages whiokvédal by the /index.php/library-

and-museum pages.
4.4.2. Most visited directories

The root directory /* is the most accessed directory where the roactiry located in
root folder. Most users also interested on the erdstunder the /index.php/ folder. It is

also possible to infer from the result that /ingdsp/component/searchite third most

visited directory. It would be better if we put tmetice and advertisement on those
directories (see in figure 24). For the month o¥dlmber see in Appendix IV.

Most visted directory

m/ M /index.php/

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

m /index.php/philosophy/ m /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 24: Top ten requested directories
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4.4.3. 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% .

M /index.php

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

M /index.php/view-blog

M /index.php/academics

m /ies/index.php

m /ITPhd/students.php

m /index.php/view-

blog/viewpost/823

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

Figure 25: Top teentry page

The entry pages are pages that ined that the website users frequenikited where a
the top exit pages is the lagsited pages. As shown figure below, whatah observed
were the “/ root pages accessed more than any cpages, almost covered more tha
half of all request (80.286) come from the “/”. fie second most top entry p.
/index.php and last not leashe /index.php/library-and-museum/libramgere third most
top entry of pages, followebly /index.php/view-blog and fitex.php/academicsthe 4"
and § top entry pagegespectivel. For the month of November see in Appendi.
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0.97(%30% TOP EXIT PAGES

%

0.26%
0.369%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

1 /index.php/academics

/index.php/aboutaau

m /index.php/aau-bpr-all

Figure 26: Top most exit pages.

From the above the figure, it can be seen thatdpexit pages are the “/” ,it seems that
after the user type the website address and ldavevébsite without making any click
steams. The second most exit pages are /indexpthpaat not least, the®3most exit

page are /index.php/component/search/. For thehmaiilovember see in Appendix V.
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4.4.4. Top Referrer Pages

The top referee pages are pages where the visielast located before making the next

request with in the official websites.

030% TOp Referrer Pages
0.96%8%

0.97%
M /index.php

1.00*90.2165/3% 0.16%

H /index.php/admissions/graduat
e

H /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 27: Top Ten referee pages.

From the above figure, what it can be observed tha@dt users made the next request
from the page of /index.php, which it covered inrenpercentage 88.8 %. The next
popular pages, where wusers request the next page iaitiated from

/index.php/admission/graduate and it covered 7.33Bé third most referee pages are

/index.php/home, which covers the percentage af %9
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CHAPTER FIVE: CONCLUSION AND
RECOMMENDATION

Conclusion

In this research it was attempted to study the w&dige on the user's behavior of the
official website of AAU from log data.

The raw log data preparation was a major task efrédsearch owing to the fact that the
raw log contains non-human requests, automaticddiwnloaded graphics, or failed
requests, moreover, the unprepared log could notdesl for navigational behavior
pattern discovery in hand .Next the log, WUMpresvapplied in those raw log files to
filter appropriates fields from the log file. Th&dUM (web utilization minter) was
employed on the cleaned log data then interestatteqm could be identified using the
MINT query.

The result show that, most of the users of AddislFebuniversity official website start
navigation at the home page of the function i.estnad the users directly write the full
URL of the home page into the address bar or adtessiome page from the search
engine. Most of the users stop their visit at thena page .It infer that the website is not

user-friendly for the website and the users optdp their visit .

From the navigational behavior of users, most uspend their time on the home page
naturally; there are also other pages where uperst $he same amount of time as of the
homepage like medicine, registrar pages. This neapdrame most users are interested
in getting the registrar pages information. Notldgausers also leave the home page
without spending time. Users do not also spend ntimecl on the graduate pages. This

may attributed to the months with in which theyessed they accessed the pages.

From the navigational behavior of users, therepage that most users accesses to gather
is home page. This may be users stay and leavewtigpending much time in other

pages.
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From the navigational behavior of users, most uderknow where they go after visiting
the search engine of the Addis Ababa. This mayiheesmost users are educated and

know what they are looking for.

From the statistical report from WUM, Most visitelirectories are naturally the root
directory since most of users are typing the nahtbeoofficial website and most hits are
from the root directory, the next most directorg dindex.php/ which hosts other sub
directory inside it like /index.php/home or othéredtory inside it. This is because of the
web server are apache servers and most of thegtsegister as root. Besides to that,
there are directories that are frequently accettsadother directory. This might be users
are interested in the content of those directoryef@mple users who are interested in the
library pages, may be its contents are journalsaaticles.

Most of the site users who have visited the honge @so interested in academic pages
this seems due to interest to visit of a certaigegaacademic program listed in the home
page. Most users of the official website make frtmequests from the page of
/index.php, /index.php/admissions/graduate, /iqaghome. It seems may be users
could not get what they want from those sites asltehey initiate them self for further
search within the pages.
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Recommendation
The researcher made the following recommendatiasedon the findings of the study.

I mprovement of the website:

For the ease of users who visit deeper pages tisiriie home page of the website, the
depth complexity and readability of the page link®d to be assessed. Besides the user-
interface as well as links of the pages shoulddsessed since most users leave from the

home page. It might need to separate study inlddtaihether site is user friendly or not.

Most users left the website from some pages maintyn the /index.php/home,
/index.php/admission/graduate, /index.php/academicsm them. It possible to
recommend that, the web master should use thosesdag advertisement and notice
because it creates an opportunities to stay béfieseare leaving the website. Moreover,
it is possible further to recommend to encourage vilebsite users by putting links to

other department within those pages to stay fuithére website.

Most users stay in the home page and spent lesgriwisiting other web pages so it is
possible to recommend the web administrator shimalkle other pages link with most
accessed pages with in the home page. Furtherih@@dvisable to make the links in
library such as links to journal and articles makée clickable in the home page so as

users could spend more time.

There are pages that are expected to be accessedptbaccessed in the real users
therefore, lots of amendments are expected fronwtie administrator or web master to
alleviate such problem. In addition, the same ihegoages need to be removed away

from the site.
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Further web usage analysisresearch

For further work can be recommended that, sincdishef robots in “robot.txt”
may be out dated over long time or difficult to getthe latest updates. It is
possible to identify the normal (non-robot) hosis rberging log files; widely
accepted log files for purpose are “agent log filith “access log file”
consequently could be better result.

The other recommendation for further work, divitle web page based up on
concept of hierarchy according to the service tipegvide, once hierarchal
classified the pages it would give better result.

In this research paper the query applied are feweifire able to add more queries
it would have been reflect the behavior of usematail manner.

The last not the least, recommendation for theh@&rivork, since by combining
different technique of web usage mining such agesdmmining with web usage
mining (work of this thesis). It could give bettersult in terms of efficiency
because of; we are able to measure not only fraretid users of the page but

also from the content of the pages.
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APPENDIX |

Sample log file The Fields Description
Records
The host name if available @Host_dns@ Host name (or IP address if it could not be
resolved)
128.101.35.92 @Host_ip@ Host IP address
- @ldent@ Ident code
- @Auth_user@ | User authentication code
09 @Ts_day@ Timestamp of the request(Day of visited the
page)
/Mar/ @Ts_month@ | Timestamp of the request(Month visited the
page)
2002 @Ts_year@ Timestamp of the request(year visited the page)
01 @Ts_hour@ Timestamp of the request(Hour visited the
page)
03 @Ts_minutes@ | Timestamp of the request(minutes visited the
page)
18 @Ts_seconds@| Timestamp of the request(Seconds visited the
page)
0600 @Tz@ Time zone (e.g., +0200)
GET @Method@ Request method (GET, PUT...)
/~lindex.php/ @Path@ Path/URL of the requested document
HTTP/1.0 @Protocol@ Protocol used for the request
200 @ Status@ Server response code
3014 @Sc_bytes@ Number of bytes sent by server to client

http://www.aau.edu.et/Mozilla/4.7

@Referrer@

Referrer information (URL)

(X11; I; SunOS 5.8 sun4u)

@Agent@

User agent information

Table 5: Sample of log format.
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Statistical report for the months of November:

Appendix II

2.14%
3.23% 2.71%

3.57%

Most requested directory

u/

H Directory

m/

M /index.php/

M /index.php/component/searc

h/

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

= /index.php/academics/faculti
es/

m /ies/

/index.php/admissions/

Figure 28: Most requested directory for the month of November.
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Appendix III:

Top entry pages for November

u/

2.71%
2.14%

M Directory

m/

M /index.php/

m /index.php/component/search/
® /index.php/library-and-

museum/

1 /index.php/academics/faculties

/
m /ies/

/index.php/admissions/

m /index.php/academics/

Figure 29: Top entry pages for the month of November.
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Appendix IV

2.40%
3.04% 1.60%

Most Requested Directories
November

m/

M /index.php/

H /index.php/component/sear
ch/

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

M /index.php/academics/faculti
es/
m Jies/

m /index.php/admissions/

m /index.php/academics/

Figure 30: Most requested directories for the month of November.
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Appendix V

Top EXIT Pages for november

1.21% 0.97% m/
0,
121% 1.21% *97%

1.21% 0.97% H /index.php
3.40% ‘

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

M /index.php/view-blog

H /index.php/academics

m /ies/index.php

m /ies/

1 /nprc/Database/NPRC.sql

/march/index.php

m /index.php/view-blog/rss

Figure 31: Top exit page for the month of November.
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Appendix VI

The following are also the preprocessing for thethaf November .

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

entry records| irrelevant data robots Sessionize
210,240 140,127 69,564 20,004 20,004
240,067 160,743 72,087 24,060 24,060
203,406 148,906 63,480 21,000 21,000
200,967 138,967 50,653 19,734 19,734
200,190 178,300 60,752 20,674 20,674
200,150 167,543 47,897 19,653 19,653
220,205 120,950 62,096 23,765 23,765

Appendix VII

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 )
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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 )
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 )
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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 VIII:

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 Y’
stringExpr ::=

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

varName '’ columnName
groupClause::=

'GROUP’ 'BY’ groupExpr

(', groupExpr)*
groupExpr ::=

nodeVar | columnRef
havingClause ::=

'HAVING’ condition

(CAND’ condition)*
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