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Abstract 
The foc us of this study is to analyze a We b usage pattern or /\/\ U oflicia l Web site based on 

both stati stical and data mining approaches thereby to see the poss ibilit y of thi s approach for 

Web usage pattern d iscovery. The stati stical ana lysis is applied to generate basic stati stical 

reports whereas the data mining technique is applied pri maril y to get the association rules that 

can reveal the Web pagesl URLs that arc most frequen tl y accessed together by the users. 

It is believed that the statistical analys is is deemed insufficicnt to give a fu ll picture of ho w a 

given We b site is be ing used. In fact. the ligures like which pagc is most accessed; when is 

month or a year, day of a month, and time "I' a oa) on which most users accessed the given 

page; etc. can be use ful for decision making for instance to schedule the Web maintenance 

time. Data mining. on the other hand, can be used for getting some hi dden patterns such as the 

pages accessed together by many user,. ctc. thereby to be uscd lo r improving both the Web 

design and serv ices. 

For the research, Web access log data llt ' thrL'e months o r the year 2007 have been collected as 

sample of' the one , car log data. Then. preprocess ing tasks arc carried out for making the log 

file ready for data mini ng. The preprocessing task has been accompl ished using WEKA Plug-

in tool and some codes that have been II rillcn with a Python programming language. 

Then, Much5 Anah'~er and WEKA hm'c' becn used lo r stat istical anal ys is and association rule 

generation, respecti'·ely. Data mining L'\per iment has been conducted lollowing the stati stica l 

analys is. From the lIeek days and week end,. mi nimum number oj' use rs has been recorded on 

Monday and Saturday, respectively. rhe \Ve b site has maxi lllulll users around 3:00PM 

everyday: the l indnphp and the 11I '"h ll7oiiphp pages hm'e been fo und the top-two most 

x 
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l 
requested pages; and more than half "I' th~ users have en tered into the Web site directly 

tlu'ough the home page and 67% of the III ha\ ~ left the site wit hout \'isiting the other pages; and 

Isearchl is the top directory that encoun ters error. From the data mining output. the 

lacademicsl index.php page has been I,,,md as center of intere st to which man y users tend to 

forward requests from other pages. In teresting association rul es among other pages have been 

also generated. 

From the research. it has been found thill sta ti sti cal analysis alone can not be good enough to 

get an insight about a Web site 's usagL' patte rn . But, using both stati stica l and data mining 

approaches can help to get a better understnnd ing how a Web sitc is being used. Conclusions 

have been drawn in order to give some recommendations, accordingl:, Finally, a model for 

Web usage analysi s has been proposed li, r th()se who wish to do further research in the area, 
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Chapter One 

Introduction 

1.1. Introductory Note 

In the human histor). a number of im c' nt ions had b"en rea lized and changed the way human 

being li ws. Scienti st. in different times. made se, eral in ventions that wo ul d not be imaginable 

and seem impossible for the o rdinary people-. Among other th ings. the In ternet is one o f the 

remarkable achievements in the com mun ica tion real m. At the birth of thc Internet. in 1969 

[13] , the intention 'vas to use it for simp le mail exchange. Howc,·cr.no\\· the Internet prov ides 

much more services which are far be, (l nd what was intern ed at it s bi rth. World Wide Web 

service. WWW or 3 W, is now a popu l<lr serv ice among almost al l Internet users. Millions of 

users a ll over the \Yo rld are now using the Jllle l'llet and thousands o f Internet Service Providers 

(lSPs) arc providi ng access to the Internet. I'here are more than 1.407.724,920 Internet users 

in the wo rld and , out of these; some 51 mi Ilion users are in A J'r ica un til 3 1 SI of March. 2008. 

Despite the fact that Afri ca contributes ' .6'J<" of the world Internet users. it shows 1 ,030.20 % 

growth from the year 2000 - 2008. Si mila rl ,. Ethiopia has 0.6"'" share among A frican Internet 

users. Even if thi s seems ins ignifican t compared to the rest of the countries. the growth of 

Internet users is encouraging. The nu mher oJ' Internet users that was 10.000 in the year 2000 
• 

has increased to 291.000 in the year ~ ()0 8 latest data. wh ich shows a dramatic growth i. e. 

2,910.00 % [14] 1. 

J The WI1 -" ,n lerneHW)/·,I'f (f[S.COIJ1 website pre.\ ('l lfs//"el/lfenl IIPc/Ctf I!S o/fhe \' lIfisfin 
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The WWW services is an organized cd llcct iDn of Web sil es b\ which information can be 

presented to users in vari ous formats, r'lngin g I'rom a simple pla in text to aud io/video- that can 

convey information on different issues, which in turn ranges fro m a dail y cooking gu ide to 

" genetic engineerin g: fro m ' how to bu ilt a te nt ' to space science: ete. Thus, these days, it is 

becoming a matter of a mouse click to get an)' informatio n on an) topi e prov ided thallhere is 

Internet cOim ecti vil y. Web pages are, Iherel ()re, serving as a hridge between the information 

providers and the information seekers. 

1.2. Statement of the Problem 

Being the means of informati on prescntatilln, We b pages nre hecomi ng popular by the user 

community, T his contributes for the accderalcd growt h of Weh sites mll'ld wide, As statisti cs 

shows, the number Df Web sites publi shed e\'er\ day is increasing quickly and until 151h of 

June 2008 about I ()3. 949, 056 active doma ins arc regislered globa ll y 112J, In additi on 10 the 

traditiona l one, no\\ ' a new dimension i, crealed fo r business firms and other organi zations to 

gain competitive ad\'antage by provid ing their sen'ice on line vi' l \A-'c b sites. 

Information available through Web pages is c1i lfere l1l frolll thL' info rmation which is ava ilable 

on other media, Thi s is because, in th L' fOrtlle r case, users are a ble III sa tisfy their need for 

informati on by in te racti vely directing Ihemse lves to the in fo rmal ion source they like 10 have 

[Ratheke & Schreiweis, 2003], In addition 10 thi s, un like the Iraditio na l media, for example, 

printed books, a Web user can skip to ,molil er source in fe w mouse clicks fo llowing the link 

structure, Users interact with a Web brll\\ 'Se r \\ hen they fo ll O\,\ a link or , pecify search options 

[ibid]. The user can al so view multipl e " lurecs in almost the SlIllle lime i.c, simultaneously, In 



addition . most Web sites are dyna'mic ,md Ihcrefore Iheir conll'n l and sl rUClure vary li'om time 

to time, 

In contrasl with the ir dramatic growth. most Web sites are not usc l'ul for thc most of the users, 
" 

As a stud y shows. <) l)% of the Web sill', arl' not usel'ul for l)<)% 01' the users [Han & Ka mber, 

2006]. There are severa l factors con trib ulL' for such situation. L)dnn dnd Fenne ll 12003] 

argued that "a larg.c number of websik' arc poorl y des igned, hecause usc r requirements are 

often not incorporatcd into the Web design proccss ", They focus more o n the quantit y rather 

than the content qual ity, But, the fact is Ihat "," if a consumer cncountcrs a positive experience 

on a Web site, it is likely that it will increase the ir time spent at the site" 1 ibid] , 

1.3. Scope and Limitation of the Research 

Web mi ni ng has three different branches: We b Content l1l ini n ,~ . Weh Siructure mini ng. and 

Web usage mining, The focus of this rl',carch is on mini ng usage patlnns "ft he Addi s Aba ba 

Un ivers ilY (AAU ) o fficial Web site. ( ',ua ll), there arc thrl'c 1\ pcs 01' \li cb-related log fi les. 

namely Web access log, error log, and pro,,, log. fi les , Ho\\ e\ cr. 10 accolll pli sh this research 

work, the Web access log records is thcd <IS dataset because ma ny lilera tures and previous 

researches justify that Web access log Ii Ie is the typical sourcc ()I' i l:ionnation fo r di scover ing 

Web usage patters, The mining task, in tilCi. is al so accompanied by stalis tical analys is to get 

more insight aboutlhe Web site' s usage patl crn [Coole) et al" 1<)99], 

The lim itation in Ihis research is lack " I' latest data hence Ihl' \ ea r :Wo7 data has been used 

instead, 
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1.4. Justification of the Research 

Whether one likes or not, the effect or globalization touches e\'e ry nation. In thi s matter, 

Internet plays an imperative role by bring ing the people 01" thc' world into a common virtua l '. 

space. As it is stated earlier. most Web sites are less useful f(,r the majori ty of the user 

community. Therefo re, continues resc<lrc hcs in th is area play <In importan t role to improve 

user sati sfaction and Web usability as \\c·11. 

A user stays for a longer time on a Weh site ifonly he/she sati sfies with the Web site content 

and structure. In th is regard , the degree of Web usability is considered as a key factor likely to 

affect use rs' interest to use the Web I"rc'q uelll ly for pro longed time [l. \·c!on & Fennell. 2003] . 

The need for Web usability is stated as " ,II O\\'s: 

"I/Ivebsite is 1101 usefiti to usen. il Irill nel'er be lIsed 117 (lI'cia fi)J' a website 10 be 

successfid, uwrs musl visil Ihe ,ile fo .lind injimn(({ iol1 or ((cco",!,lish lasks. No 

mailer whal ohie"clives have beell '·el./i)J· lite ,,·ehsile. if IlIlIS f care/ully balance Ihe 

needs of lIsas and Ihe needs 0/ 'he orRaniZlllion. If" users don ', .find Ihe wehsile 

help/it!, Ihey " 'ill nol lise iI, whicil \I ·ill. in lum. preveJ71 1/1<' (}\rJ/a /i"Oln meelinR Ihe 

orgunizal ion 's objectives "[ 15]. 

According to Kou tri & Daskalaki [20113 1. lIse r-centered design efi(lrt for Web sites always 

leads to the construct ion of usable sites. (i i\ ing a due consider<llion for Web usability is one of 

the most important steps for effectiveness of the 'v\ 'eb sen ices. effi ciency of deli ve ring the 

information, and ma:-; imizing user sati sfi ,ction in any gi\"en contcxt 01" usc and task. 
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To improve the quol ity of a Web site. it is indispensable tn get some sort o f understanding 

about the usage patterns of the Web s ite' Web mi ning is one or the emerging techniques to get 

some knowledge about the status of the We b site . Web mining is mai nly built on usage 

" mining [Aschenbrenner & Rauber, 20()(,1. Data mi ning can be per fo rmed un Web log records 

to find association patterns, sequent ial patters. and trends of we b access ing. and so on [Han & 

Kamber. 2006]. Mo re specifically, usage mining is one or the approaches to address Web 

usabi lity issues as it can help to discoyer the users' na vigati onal behavior and other patterns. 

On the basic leve l it answers the queri es likL' what parts ofa Web site a USC I' v isited in a single 

session: where she/he spent most time: L'tC. Starting li'om such basic inl(>rInation, a number of 

valuable analyses can be conducted fo r organizati onal Web sites. Wcb log analysis is used for 

characterizing the designated community or an online servi ce I Asc henbrenner & Rauber, 

2006]. Based on usage patterns, the strud urL' o f the site map can also hc improved. 

In general , the goa l of Web usage min ing is to capture a nd model ~'cb users' behaviora l 

pattern [Dai & Muhasher, 2005]. Such patter s are hidden in last Web log fil es [Chen et aI. , 

2005] . Many researc hers and literatures sholl that Web usage mining has a number o f benefits, 

Some of the benetit s are : to evaluate the e ffect ive ness o fa site in meeting users' expectations; 

for load balancing and optimization o r Weh scrver lor bettcr and morc d fic ient user access; 

for restructuring or customizing a site based on users ' predicted needs and interests IDai & 

Mobasher. 2005]: to reduce, through pre-Ictchi ng and caching. cb late ncies that have been 

perceived by web users year afte r year: and ro r admini strat ive personnel. to predict trends of 

users ' need so that they can adjust their pr"duct.' se rvice tll att ract more users [Chen et aI. , 

2005]. In addition. usage mining ( , 111 ,II so be emplol'ed fo r the implementati on of 

recommender syste11ls [Aschenbrelme r 8: Rau ber. 2006]. 
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There fo re. researches on such issues playa \ ita l roil' fo r the design and deve lopment of mo re 

suitable Web sites fo r users. Moreo\ ~ r. this res~arc h is helieved to have a signifi cant 

contribution for the design of Web p,,!,es that can address the AAU of"lie ial Web site users' 

interest, Beyond this. the research output also ind icates poss ihk di rections for further re lated 

research in thi s domain because, as 1:, 1' as the wri ter' s knOll ledge conce rned, Web related 

research activity is unexploited yet in I:th iopia. Havi ng done the ex peril11ent. a model for Web 

usage pattern anal ys is is al so recommended , 

In general , because of the growl11g llu l11 her or both Web sites and users, such kind o f 

researches have 1110st significant errcct j(,r Web des ign endem or h\' considering users ' 

interests IZilse & Moraes, 2003]. 

1.5. Objectives 

1.5.1. General Objective 

The general objective of the research is to apply data mining techniq ues and stati stical analysis 

for di sco\'ering AALI Official Web site usage pattern to reveal previously unknown interesting, 

noble, and actionab le patterns based on the Web access log lile in order to reco l11mend 

possible measures 1'0 1' fl.tlther improvernent of the o ffi cial Web site of AA U and bes ides to 

propose a general model for Web usage pattern d iscover\, by exam ining the poss ibility of 

applying these two techniques for usagc' pattern analysis. 

1.5.2. Specific Objectives 
In order to achieve the general object i\l' or the research, there are specili c objectives which 

need to be addressed in the research. T here l< )re. the specific ob.iecti\es oi't he research are : 
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• To review literatures in the are'l in order to put concrete background and justincation 
for the research; 

• To identi fy the dataset so as to usc thcl1l for the knowledge d iscovery process; 

• To prepare the dataset using di n ~' rcnt preprocess ing techniq ues: 

• To analyze the dataset statistical " : 

• To analyze the dataset uSlllg a Web I1lll1 l11g soft"arei tool in order to discover 
previously un known associatioll pallcrns amo ng requcsted lJ RLs: 

• To identi fy interesting associati o ll s rl"llm the avai lablc palle rns: 

• To interpret the interesting pall crns to discovcr nc\\ kno\\ Iedgc I.e. fi nding of the 
research; 

• To draw concl usions based on thc lindi ngs and possible application of both techniques 
for Web usage pattern analysis. 

• To make and forward some ap propri ate recommendat ions basc:d on the conclus ions; 
and 

• To proposed a model for Web u' age pallern discove r, ·. 

1.6. Research Methods 
Since the goal of Web usage mining is to uncovc:r some hidden but interesting patterns from 

Web log dataset. it shares the basic procedures w ith the conventio na l data mini ng task. 

Therefore. the research follows some 111 ,· thodolog\ to come up \\ ith some rl'sltit : 

1.6.1. The Research Flowchart 
The foll owing flo\\ chart depicts the gClkTa l rcsearch now: 
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Figure 1.6. 1- 1: A flow(' hart for the general fl ow orth e research 

1.6.2. Data Collection for the Study 
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LJ 

Output 

=i> 

Statistical Summaries 
A,d 

Association Rules 

In a cOI1\'entional data mining activity. the data for the stud) i, dcri"ed rrlllll a data warehouse 

or a data mart. In thi s study the data ha, becn taken i"rom a Wcb Sc· "Vl'!' th at hosts the Web site 

under study. So, Web data of the AA LJ " niei al Web site has hcen conside red tor the study, 

1.6.3. Data Selection 

There are three types of Web site related data. i,e, data generated due to an interaction between 

a client computer and a Web server: lI 'd, access log. Erro r Ing. and Proxy log data, From 

these three log fil es. the Web access log lile has been selected I;)!" the stud" 

1.6.4. Data Preparation 

Data preparation, a lternati vely called data pre process ing. is used 1'01' mak ing the research data 

ready to r analysis hecause rea l world data knd to be incomplete. noi s,. :lI1d inconsistent [Han 

& Kambcr, 2006], lienee, some preprocessi ng tasks will be carried ou t in thi s step in order to 

retrieve and anal yze sign ificant and usel'ul inlo rl1lation, Preprocess ing inc ludes data cleaning, 
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data integ.ration, data trans formation, and dala red uction. Thus. the lollowing data prepa rations 

tasks have been addressed in thi s study. 

• Data Clean ing: it is a task thai atlc' mpts to fi ll in missing I·alues. smooth out nOise 

while identifying outliers, and correcl incons istenc ies in the daw. Fo r example requests 

made fro m the local machine ihe lf sho ul d be excluded li'om the da taset as it may not 

be useful to g.e t the (outsider) UScT S Wc b usage pattern . 

In add ition. some other processes need to be madc to improve the accurac y o f the 

output and to faci li tate the mini ng process. For example. add itional tasks, such as 

removing certain least useful ;l1t ri butes from the dataset and mlldifying the column 

names, in order to make them eas ily remem bered. etc need to be performed. 

• Data T ransformation : in thi s process the data is transfo rm ed to the form approp ri ate 

for mining . .'\ Web log fil e, b) its nature . records cI'er: rcquest of a give user (i.e . 

client' s II' address) between e;lch fraction of mi nutes i. e. a given user may have 

multiple consecutive records li lt" each requests until he ' she leal cs the Web site. So, 

these requests need to be trans l<lI'nwc! to sessions t(lr the resp(x li ve users. Then. the 

sessions al so should be transli >rtllcd to a tra nsac tion tab le i.e. putting the pages 

accessed in the same user sess ion together. Finall ). the tra nsaction shoul d be 

transformecl to the fo rmat that is sui tab le lo r the ex perimcn t too l(s). 



1.6.5. Data Analysis 

To address the obj ective of thi s research. different data mining app roaches and sta ti stica l 

analysis have been pe rfo rmed on the dataset to get an insight aho ut the Web usage trend and 

reveal interesting patterns from the Weh aecc'ss log reco rds. 

1.6.5.1. Data Analysis and Experiment Tools 

There are some freeware and commercial too ls on th.: Inte rnet 1(, 1' Web mini ng and Web usage 

statistica l analysi s purpose. Mach5 : 11I1I(p'" and IVEKA ha\ 'c been se lected for stati stica l 

analysis and data min ing, respectivel\ . rhc' j ustifi cati on for " 'hy these too ls are selected is 

given in the later chapters. 

1.6.6. Interpret and Report the Result 

After excluding least interesting patters fro m the ana lys is result. those patterns that are 

interesting, noble. and actionable oneS ha\ e been interpreted and r<'portcd to be usecl for 

reaching a conclusion in order to forward appropriate recol11'l1(:ndmions. 

1.7. Application of Results 

Due to the very nature of data mining. II nc cel n not guess the kind of knowledge that would be 

discovered at the end of any knowledgc' di se,)ver\ process . Thcrc llll"e. it is somewhat diffi cult 

to expli citly state" hat can be attailll'd from the Knowledge Disc()\"C["\ ' process. But. it is 

believed that some interesting patterns that can rewal usefu l. actionable. and noble features 

fro m the data, as resul t of the mining process . ca n he used tor im pro\'ing the Web site under 

study ancl the overall research could pa\ c' the way for further studies. 
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1.8. Organization of the Thesis 

The first chapter 01' the thesis covers ,I genera l introduction to the research. It specifies the 

problem statement and its justification . scope and limitation of the stud y: objectives of the '. 
study; etc. 

The second chapter d iscuses the back !,! l'O und o r the organi zation o r whic h the Web mining 

study is conducted and provides a genera l oyervicw of data min ing tec hnology while the third 

chapter (!Gals with theoretical background Ill' Web mining in gene ral. Web usage mining in 

particular. 

Since the research area is young and no prior \\o rks in loca l conte"t by loca l scholars has been 

done, the writer bel ieves that there is a nL'ed to mode l the research process. The fourth 

chapter therefore prL'sents the model ot' the approach used in the resea rch. Then, in the fifth 

chapter. the experi mc nt and findings 0 1 the research are presen ted and the main acti viti es of 

the research such as the preprocessing. thc L'x perimcnt! anal ys is and the interpretati on of the 

results arc covered . 

Chapter six, which is the last chapter. prescnts thc conclusions based on the experiment result 

and appropriate recommendations based up on the conc lusions. 

Finally. in order to make the main bod, of the thes is easy on the c:c. some figures and other 

supplementary materials are presented ill the appendi x sect ion. 
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Chapter Two 

Background and Literature Review 

2.1. leT Development in AAU2 

Addis Ababa Uni ve rsity (AAU) is the oldest higher educat iona l institu tion in Ethiop ia. AAU 

started its operation in 1950 under thc' name Uni versity College of Addis Ababa. It was 

renamed Haile Selass ie I Uni versity in 1962 and then Addis Ababa Uni vers ity in 1975. 

AAU runs Diploma. Bachelors, Medical IJoctors. Doctor 01' Veterinary Medicine, Masters, 

Specialty Certificate and PhD degree programs in various fields or stud y. It launched its fi rst 

Master of Science programs in 1979 and its lirst PhD programs in 1987. 

The ICT Developl1lcnt Office at AAI estab li shed in Jan uar~ 2003 i'i a new system that 

liaisons between the AAU on the onc' hand and stakeholder such as international donor 

agencies. co llaborating overseas univer'i itics and rel evant local institu tions on the other hand 

in initiati ng and implementing ICT-related project s and acti vities. 

The broad duties and responsibilities <, I' the ofiicc are deve loping leT strategic plan and 

overseeing its implementation. In earn ing out these broad duti es and responsibil ities, the 

office would engage in the following m ~ l.io r act ivities: 

• Developing short- and long-term le T strategic plans to introduce and expand 

application of ICT at AAU; 

2 I1l"1 p:ll\\ \\ \\ .aau.edll. l>'! 
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• Coordinating and overseeing thc impkmentation of ex isting leT projects at AAU; 

• Developing new leT project in accordance with the leT strategi c plan and strategies 

o rAAU; 

• Engaging and coordinating the I'und rai sing act ivities to implemcnt new and ongoing 

le T projects at AAU ; 

• Establishing linkages with poten tial donors, collaborati ng instituti on and indi viduals, 

that could contribute positively tll thc success of leT pro.iects at AAU 

• Serving as an informat ion cente r ll n leT-related visions, project and activities of AAU; 

• Identifying rcsources required tll implement the projects and faci litating the acquisition 

or that (human resource, physical re,ourcc and infrastructure, and linancial resource); 

and 

• Advising the university manageme nt on matters related to ICT, 

The AALI leT office has a vi sion of becoming a center of excellence ill utili zing the potential 

of leT in learn ing, research, inno\ at ion, and educati onal environment for national 

development. It carri es a mission to makc ICT a critical enah ler for AAU in teaching & 

learning environment. providing leT comm unity sen'ices, and hridging the gap between 

industry and academia skills through tr:li ning, research, and cOllsultanc). 

The leT development office works to rullill the ro llowing ohjec ti ves: 

• To pro\ 'ide effecti ve and erti cient ICT services to the ;\;\lJ com munity; 

13 



• To promote e-learning initi at ive to the AAU and the nat ion at large; 

• To bri dge re T skill gap betlleen academia and industry: 

" • To promote research on lei sector app li cati on and base li nc stud ies; 

• To pro vide leT communit, seryiees of deve lopment impac t: 

• To establish co llaboration 'lild pa rtnership with public & pr ivate higher learni ng 

instituti ons . 

2.2. The AAU Official Web Site 

The Addi s Ababa University Official VI eb site was publi shed aro und some five years ago. As 

the leT development offi ce of AAU i, engag ing in reT related acti yiti es. the Web site has 

been devdoped and being maintained hy th is onice. The Web s ite is hosted on thc AAU' s 

own server, which is located in the mai n (Sidest Kilo ) campus nl ' the uni vers ity. 

2.2.1. Purpose and User Community 

The university ' s Web site is estab lished with the objecti ve o fdcli \ering in formation about the 

uni versity' s activiti es. in general, and ahout academic and admin istrati ve units, in particu lar. 

The web site also de li vers news items. its o lVn advertisements Ic) r both \ 'acancies and student 

admission , and man y more. rt has also externa l lin ks to other Web site. such as coll aborat ive 

organi zations in research and other acti \ ities. donor agenc ies. etc. 

This, the AAU Web site is meant to sene both the un iyersit v' s community and outside rs who . . 

are in need of information abo ut and rcl ' \led to the university . 
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2.2.2. Nature and Content 

For presenting in1onnation on several t, 'pi es and issues. the A!\ l I Web sitc has both dynamic 

and stati c nature . As to the content of f\ \U We b site . so far. the trend has been that indi vidual 

" academic and administrative units ha l c been supposed to des ign and summit their respective 

pages (HTML pages ). Then the leT orJ icc uploads and link s those pages with the home page 

of the Web site. As it has been told. , uch trend has been negatively contributing for page 

layout inconsistencies among the pages in thc Web site. Thi s evcn somet imes has resulted in 

incompleteness or the content of Web IXlges and high probability of" brokcn links. 

2.2.3. AAU Web Site Structure 

The foll owing fi gure illustrates the struct ure "f the AALI official Web sit e. 

I Illde:.. pag\.! I 
J. t B ~ t 

t 

[ I-lome II /\ c;ldC mics ll Ad missionl I \dlllini:-I ralioll leT ~ I :--ilUd ~nl Service I ! Contact 
1 

-1 Abou t A.\l l 
1 

-1 AAUAtuIllni 
1 'I empnrar: l inl.. ... 10 current 

-1 1 

- issut.':' . no tices. ~ tc 
Web Mail 

-1 leT Dcvcl plllilCll1 J 

-1 MtTOCII [ Link to extenlill s ill' ) 

-1 AAU Cm alo),! llc 

-1 leT G l o~sar~ 

-1 Appl y On line 

-I Vacanc) 

Figure 2.2-1: AAU officia l Web site ma p (leHI olle \ iew) 
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2.3. Data Mining Overview 

Data mi ni ng, accordi ng to Han and Kamber 11006]. refe rs to as the extract ion and mining of 

knowledge from a huge amount of data. The) used the term as analogous to the gold l11 ining 

from rock or sand . However. several alternative terl11ino logies have been given for the data 

mining. such as knowledge mining in datahase. data/pattern analysis. data archeology. data 

dredging. and knowledge ex traction . I land et al. [2001 J tried to gin: a comprehensive 

defin ition for the da ta l11ining as the <ln al) sis of (olien large) obsen'ational datasets to find 

unsuspected relationship and to summ:lI'izc the data in no\'el "',,'s that bo th understa ndable 

and useful to the data owner. 

Knowledge disco\'t~ry in database, or K DD. is assul11ed by l11un y people as the same as data 

mining [I-land & Kamber, 2006]. Bu t. sOllle ot her scholars argue that data mining is an 

essential step to knowledge discovery ill daw hase. l11 eani ng that KDD is <It the higher level and 

the final goal of data l11 ining. The kn Oll ledge is di scovered based the resulting patterns after 

data mining is perfo rmed on given dataset 1 ibid] . Data mining is olien set in the broader 

contex t of KDD [H and et aI. , 2001]. rvi<)s t scho lars argue th <l t data l11 ining is the core of KDD 

because one can not think of KDD witho ut data l11 ining. 

2.3.1. Motivation for Data Mining 

Sine the I 960s, database and information tcc hnology have been e\ olving systematically fi'olll 

the primit ive fi le processing system to s"phi sticated and powcr fu l dawbasc systems IHand & 

Kamber. 2006]. The advancement of digital da ta acquisition and storage technology has 

resulted in the collection of huge datahascs IHand et al. . 2()() I J. i\ mllng other things. the 

dramatic and accelerated growth of cO l11 pute' r hard" are technology has led to a large number 
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of manu fllcturers and suppli ers of hi gher pcrfor!l1ance and alfi)rdahk comp uting mac hines, 

data collection equip ments, and data >'I " rage mcdia. Th is Irend. in turn. fac ilitates the data 

collection task and enables storage of huge databases [H and & Kamhcr. 2006]. Thi s has 

happened in the hu man activities from dail ~ business transacti on data . >, uch as sale reco rds. to 

extensive and com plex data commun icdtion records. such as tele phone call detai ls. 111 huge 

organ izal ions, etc [I-land et a\. , 2001]. 

Apparently, statisli ca l analysis can be pe rl(lI'111ed on thc collec ted database to find out some 

useful information about the database lilr decisi on making purpose. As the amount of the 

co llected data increases, the database 0 \\ ncrs havc needed to go heyond the classical statistical 

analysi s. They rather they tend to C'l ract some hidden patterns from their database. For 

instance. in add ition to calcu lating the <I I erage daily sale of a supermark el. the owner may li ke 

to know which it ems are so ld together m{)st frequentl y in orde r to tnake some marketing 

related decisions. This aspiration mak e'S the introduction 01' teeh niljues and algori th!l1s to 

extract some hidden patterns that ma\ inlL'rest the database mIne r and useful for dec is ion 

making. Thi s gradua lly caused the birth " f the' concept of' daw min i ng . 

2,3.2. Data Mining Techniques and Algorithms 

In order to extract hidden patterns and ,Iisc\l\er ne\·1 knowledge I'rom a large database. there 

are different kinds of techniques and al l'ori thms proposed and " e,"e loped by various scholars. 

They are discussed as fo llows [Han & " :I mber. 2006: Hand. d :II.. 200 1[ : 

Association Rule Generation: This il1l \l Ives di scol ery of associ:lt illn rules showing attribute 

values that occur Ii'cquently together in " gil en set of data. Thi, is f'requcn tly used for market­

basket or transaction anal ys is in commerc ial >'cctors. 
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All the generated rules may not be sound enough for the concerned decis ion nlaker. The rules 

that seem interesti ng are considered for rurther actions. There arc tlYO com monl y used types of 

interest ingness measures in association ru le mining: Supparl and (·()nfh/ence. 

For assoc iation rule: [A, B} -7 {C} ; ;\ anei H are premises. anei C is the consequence. 

Here, it is noted that the items proceedi ng the "-7"symbol sho ll's thc number of items covered 

by the premises or the rule, and, the ilcll1(S) rollowing the "-7" symbol shows the number of 

items covered by the consequences tcolbequent items) or the ruk . Thus. support and 

confidence can be calculated as follm-,, : 

#of consequent items 
Support = -----------------------------------

Total # of occurrence 

#of consequent ilems 
Confidence = ---------------------------------­

#of precedents (premises) 

(a) 

(b) 

Equation 2.3- t: Formula for ca lculating Su pport (:I) Hnd Confidence (b) 

For example, the I(lilowing is a factio us "ssoeia ti on ru le output or a dm:l mi ning process: 

Age(X, "20- 29") & income (X, "> 20008 i,.r") ~ buys(X, "DVD Player") 

[Support=2% , Confidence = 60%] 

The ru le impl ies th"t if a customer X i, in thc age group 20 - 29 and has income greater than 

20008irr/ month then he or she is likch to hy DVD player (i.e. he/she has bought also DVD 

player). 

A support of 2% is that 2% of the transac tions uncler anal) sis shO ll that thi s is true. A 

confidence of 60% means that 60% or the customers In the gl\'en age group and Income 

greater than 20008 irr bought DVD pla\ LT. 
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Thus, support indica tes the ' useful nes< whereas confidence indicates the 'certainty' of the 

rule. Ho\\ ever, it is up to the data owner to decide the th reshold in both cases. 

There are also seYcra l algorithms to d" associat ion rule mining. The popular algorithm fo r 

associat ion mining is Apriori method, It uSC's an iterati ve approach. which is known as level­

wise search, where k- item sets are used to e'plorc (k+ I) itemsets. llence. -"priori algorithm is 

based on candidate generation for iden ti lY ing the mllst ti'equent items, At the fi rst scan of the 

dataset. the most freq uent items that sati sfY the mini mut11 support are iden tif'ied . In the second 

run, they are joined to get their joint I'requency and they checked far I'ulli ll ing the threshold 

(minimum support and confidence), I hosc' itcmsets that arc nlll I'ullill ing the minimum 

threshold are rejected (pruned). Each step the joining and pl'lll7ing tasK continues in the same 

fashion until all possible combinations "I' the items are fin ished. It can perf'orm several cycles 

until the desired number of rules is oht:lincd and/or until the minimum support and threshold 

are used up. 

Despite the fact that Apriori algorithms is the fundamental and the dominant one for 

association rule generation, there is <llso other methods b, \\ hich Ji'equent item sets are 

extracted with out generating any candidate itemsds, F, 'equenl Pol/em (J/,() lI'lh (FP-groll'lh) is 

one of such algorith ms. It is similar \\ ilh .·J/lriori in the first scan the dalabase. Then. in the 

next steps it first compresses the datah<lsc representing frequent ilcms into a.!i'equenl-pal/ern 

lree - (FP-Iree), which retains the it c'mSCls assoc iation informalion. II then di vides the 

compressed database into a set of conditional databases. Each associated with one frequent 

item and mines each such database separale". 
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Class ifica tion and Prediction: These arc 1\\'0 10rlns of dal;! <lnu lysi, Ihat can be used to 

extract models desc ri bing important dal " classcs or predict fUlure tima trends. A classificat ion 

model can be used to categorize (\hjccts having sim ilar attr ibutes. For example, a 

class ifical ion modd can be bui lt to catcg,"'ilL' users or pages. 

A pred iction model can be built to predict futu re trends. For eXHmplc. knll\ving some group of 

customers' income and age, the pred ic lion model can be used t(\ lon:cast their potent ial to 

spend on particular equipment or simpll to pred ict the potential buycrs of a patt icular item. 

In both techniques. two diffe rent data gmup' are prepared; onc I, I() r training purpose so as to 

develop a model. Then, the model is thed lor classifying or predict ing class attribute or the 

main dataset to test ils accuracy. The C<lITCClncss of the model (the class ier or the pred ictOr) is 

its abili ty to classi l' or predict the values of (he class attri hute lor Ihe lest dataset. II hich is 

previously unseen i.e. independent of th,' traini ng dataset. 

Classificat ion can be done by Decision Trc'c Induction, Bayes ian thcI)r,'m based algo rithl11 , 

Rule-based algorithm, or Neural Net",.'ork Learni ng algorithm, etc. 

Clustering: Clustering invo lves grouping objects so that obj c'cts with in a cluster have high 

similarity and but arc very di ssimilar 1(\ objcTt in other clusters. It is based on a princi ple of 

maximizing the int ra-class similaril l and min imizing inler-class ~ im i l arity . Un like, 

classificat ion and predication, no class I,,j)el is known or assigned 10 clusler the objects. 

Clusteri ng can be app lied in many area,. In husincss. it is used t() clusler customers according 

to the ir buying habit: in Web service,. it i, used tn cl uster uscrs II hll access simil ar URLs 

based on the analysis of their usage pat iL' rtl. c' tc . 
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Various types of mcthods are used til cluster a group o f objects. such as Partit ioning, 
Hierarchical, Densit \' based, Grid based method. dc. For i,Ha nce. Partit io ning methods starts 
by groupi ng n objects into k groups, \\ he re kSI7. It then uses an iterative re location technique 
to improl 'e the partit ioning. The Hierarchica l mcthod uses a hierarchical deco mposi ti on of a 
given set o f data objects. It may use top-do" n or bottom-up approach. 

Outlier Analysis: Sometimes a databa ,,' ma y conta in a data ohject th at may not comply with 
the general behavi or of a data. Such dma ohjects. for e'(ampk. may represent an exaggerated 
or unexpected value. These data object> arc ca lled out liers . ThcI can be revea led by applying 
some data mining algorithms. Even ir the) have unfavorabk illl pact on other typc o r data 
mining tasks, they are useful for appli cations such 5s fraud detec tion and network intrusion 
detection. The anal) s is of outli er data i, referred to as outli er mining. Outlier may be detected 
using stat istical Ie,t that assume a di ,t rib utio n or probabilit) Illodel !'". data, or it Illay be 
detected using distance measures wllL'rc ohjects Illay have l'ulI,i(krabk di stance from the 
cluster of the same dataset. 

2.3.3. Pattern Interestingness in Data Mining 

A data m ining has the potential to genl' rate hundreds o r or CI cn thousands of patterns. Even 
though, these patterns have some lel'el or IIse ful ness rega rdless of a part icul ar user or user 
group. Some patterns may provoke an intl'l'est of a user based on variolls criteria . Some 
patterns me also inte resting if they aI',' I'alidllted by the datil (llllle r. An in teresting pattern 
represcnh knowledge. So, inlerestingn l"s 01' a pattern refers to the e,( tent to wh ich the patte rn 
assumed to represent some knowledge 1 I'll 111 hoth the lIser's perspl?c ti vc and the pattern itself. 

21 



To determine that ~ given pattern is inlereslin g. Ihere are sc,cra l measures based on objecti ve 
measures : stati stic s and structure of thl' pallcrn. e iC. and sub jec li , ·c measures: users' be lief in 
the data. unexpectedness, novelty, etc. I hcrl·lore . a g iven pa ttern is inleresti ng ifit is 0) eas il y 
understood by the human, b) valid on nc\\ or test data wi th some degree of certa inlY. c) 
potentiall y usenlL and d) novel. ln cldd il io n. interestingness measure associated with a 
thresho ld . A user must put some SOri " I' ol'nchmark or ad -hoc rul es III establi sh a li mit in 
which the pattern is sa id to be interestin!,'. P"ttc rn s that are bdo\\ the threshold are regarded as 
uninteresting. They reflect noise, exceplions. o r m inorit, · cases and are or less value, 

The fol lowing are the measures of intcrl'stin!,'ness patterns [il an & Kamber. 2001, 2006]: 

• Simplicity: pattern repreSl'nts knO\·, ledge, bUI thi s can he true if it is easil y 
understood by the human . Patterns that can not be underslOod by the user catch 
little or the user's interest. III other "'Grds. patterns Ihal Gin not be comprehended 
by the user can not repre, ent kllo\\ ledge and hence it is uninteresting. This 
dimin ishes the signifi cance " I' the pattern in order 10 c,.11\ L') some knowledge. 
Therefore. for the interestin t! ncs, of the pattern. it Illust be ~as il y grasped by the 
user. 

• Certain ty : the measure or clTtaint)'. o r also called trusl\\wtl1iness, of a pattern is 
based on the assoc iation ruk. It is usua ll y expressed in terms or the probabil ity of 
the transaction of two or 111 " 1'<: it l'llls among the gi\'en dataselS under consideration. 
For example, let that two ilL'ms. \ and B. happen t" be occurring together (AuB ) in 
10% or the database and th l.' chance or thl' occurrence "I' A is 55% provided that B 
occurs. I"hese percentile fi gures , ho\\ the slIpport and the <'ontidence level of the 
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co-occurrence of the two ItCllls. respecti vel y. Tht') are used to confirm the 
usefuln ess and certainty le I el of the patte rn in order to determine that the pattern is 
interesting. However, the b cI of certainty is determi ned based on a threshold set 
by an c'pert or a user. If SUppOri and confidence Iclc l do not meet the minimum 
thresho ld. they may be rejectt'd. 

• Utility : as stated above. patterns ma) be generated fulli lling the mll1Jmum 
threshold : however, all the patterns may not hal'e equal I'alue to all users. Some 
patterns may have higher Ie , eI 01' usefulness for a spec ific user at any given time 
and situat ion. This also may he impactcd by the objecti ve nature of the data min ing 
task. For example. a market analyst may perform data mi ning on the transaction 
database to get which items " IT purchased more frequent ly in which season of the 
year. In th is case, getting a patlt'rn that sho lVs items sold together may not be his 
interest. hence such pattern Illay has li ll ie or no li se It)r hi s purpose. In addition, the 
level of support also reflec ts " 'hether that pattern is poten ti all) usefu l or not. 

• Novelty users usually do data mIning with presumed npectations or beliefs. 
However. in the course of the investigation some unexpected patterns may be 
discove red . They are supposed to bc new and. thereio re. may attract the user's 
attention. means they are not di scovered be lore. Thi s concept refers to the 
interestingness measure that we call nOI'dty. Such patterns llIay be contradicting 
the user' s belief and, howe, cr. they olTer strategic inforlllat ion on which the user 
can act. 
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2,3,4, Application of Data Mining 

As compared to Onl ine Transaction ;\nal: sis (OLAP ) and ,wtist i ~al ana lys is, data mlnll1g 

have broader appli ~at i ons , Here are som~ or data min ing appl ications Ill an & Kamber. 2006, 

Signhal. ~ 001 1 : 

• Financial Data Analysis: Fi n:l ncial inst it utions olTer a variet \' of finance related 

services, such as credit and im L', tmcnt se rvices. In this case, data warehouse may be 

used to generate monthly report. But. data mining ciln be used for more advanced 

purpose. Data mining techniq uL's here are used for predict ing risks related to loan 

payment and credit policy anal: sis. 

• Data Analysis in Retail Industry: rhis industry is a suitabk cnvironment fo r data 

mi ning appli cation because thL're i, huge amount or data co lkc ted in day to day 

transactions. So, different types 0 i' data mining techniqucs arc ilpplied on these data 

thereby uncover some interesti n", patlerns lor decision ma~ i ng . 

• Intrusion detection and Net\1 nrk Security: Intrusil1n detLTtion is the process of 

identifying and responding to malicipus act ivity targeted at computing and networking 

resources. Thus, intrusion det eL"1io n syslL'm takes rail inpub rrom sensors and log 

records regard ing the intrusion then ana lyses using a data mining techniques in oreler to 

take actions. 

• Data Analysis in Telecom Industr\': The tclecom industry is one of the promising 

sec tors for application of data mining k chniques. So. da18 l11ini ng techniq ues are 

applied to improve the telecolll ,,'I'I ices. For example. hI 'lI1a\1 Ling ca lling patte rns. it 
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is possible to determine what hllld "I' calling plans to niTer 10 improve prolitabili ty, 

Fraud detection is one of the <let i"i t,· on wh ich data mining e<l n be app lied, Outli er 

analysis is a typical technique that can be applieu in rraud detection, 

• DNA Data Analys is: A great deal Il l' biomedical researc h is Illcused on DNA data 

analysis, DNA data analys is h:IS cnabled the di scovcr, of genet ic causes of many 

di seases as lIe ll di scovery of nL'1I medicines, But, the problem in genetic analys is is 

similarity search and compari " ,n <lmong the DNA sequences. Thus, data mining 

techniques can be used to solve these problems, 

• Web Data Analysis: WWW is <I global inll) rmation cente r li)r news, adverti sement , 

consumer inlornlation, financi ;.il munagcment, education . gO\ crll ll1ent. e-commerce, 

anu many other informat ion SLT' ices, It contains a rich and d, namic co llection of 

hyperlink inlil rmation, Web uS<I=,e and access information . rhi , provides a ri ch source 

for Web data mining. Hence, d:lta min ing is app lied on such data to analyze the link 

structure or a Web and the interl inking among various pagcs to lind out the Web sites 

that are authoritati ve and to delLTm inc the relevancy or a gi"L'n page on a given topic. 

Web content mining can be applied ro r extracti ng lI sdi.ti inllll'lnation or knowledge 

li'om web pages, Apart from these two app lications, lIeb mining is also used fo r 

ana lyzing Web usage patterns (lll order to improve the Web sen iee by analyzing the 

Web usage pattern , 



2.4. Data Warehouse 

In today"s world busi ness, the proli l,-,ration or leT and dala process ing machines makes 

business lirms and other organization III coilec i and store data dectronically and simplifies the 

analytical and summari zation process. In Ihis respect, data \\arehousing plays an important 

role. A data warehouse is a repository lIr in j()rmal ion co llecled from multip le sources. such as 

branch offices, market survey, sales transaction. etc. stored under a unilied schema. and that 

usually resides at a single si te [Han & J..:amher. 2006 1. Data warehousing supports information 

processi ng, for inslant to make stati sti cal summary 1'01' dec ision maki ng. oy providing a solid 

platform of integrared. histori cal data rn)m which to do analysis. rhis mcans that it providcs 

an integrated facilil Y in a world ofnon intcgruled application s:stems ISinha, 200 1] because it 

encompasses algorithms and tools for bring ing together data li'om di slri buted information 

reposi to ries into a single repository thm can be suitable fo r data analy ,is 1 Singhal, 2007]. The 

data warehouse organizes and stores Ihe dala needed lor inl')rmalion. ana lytical process ing 

over a long period or time [Sinha, 2001 1 

Si nghall ~007] stales the following feat ures " I' dala \\archouse: 

• Subject oriented: the data in Ihe dala warehouse is organized around major subjects 

such as CUSlomer, supplier, and " des. It focuses on modeling data for decision making. 

• Integration : It is constructed 0\ integrati ng multiple he lerogeneous data sources such 

as RDBMS. fla t files, and OL TI' reco rds. 

• Time-Variant: Data is stored 1<' pro \ iele informalion fi'oll1 a hi <;torica l perspecti ve. 
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2.4.1. Data Warehouse VS . Data Mart 

For man) people da ta warehouse and (I<lia man seem to be s imilar. nul (jriffin [1 998] put the 

di stinction as a data warehouse incO rp(\rak, informati o ll about man) ,uhicct areas, often the 

entire enterpri se, \I hi le the data mart I"c u,cs on one or mor~ sub.icct areas. The data mart 

represents only a pon ion of an enterpr i,,"s data . pc rhaps data rda tcd to a bus iness un it o r work 

group . Typicall y, a data mart 's data is I<l rgckci to a sma ll er audic ncc "I' end users or used to 

present informati on on a smaller scopc In shon. data warehousc is elllc rpri se-wide whereas 

data mart is departmenta l-wide [Han & "amhcr. 2006]. 

2.4.2. Role of Data Wa rehouse for Data Mining 

Data warehousing has emerged as an increas ing popular and p""crl'ul concept for applying 

information technology to tu rn the hugc' island o f data into mcaningl'u l in l'o rmation for better , 

business dec ision ISi nha, 200 I]. 

Data warehousing is an enabling techn"log: for data anah'si, in the arca of retail. linarcce. 

telecommunication ' Web services and hio-in l( II'1l1 atics. For tralkrs. datu "areho use is used for 

various purposes such as for dCkrmini ng how the sales arc d iffe r from ac ross 

regions/countries: to identify which rC'g ion nr branch sto re rc'quirc the products in what 

interva l tn keep thc stock full ; and to a"ess the impact of promotion in a g iven region. etc. In 

other areas, data "arehousing is used in \\ eb scn ices applicatioll fo r co ll ecting the usage 

information and thcn identi fy usage pallel'l"- ca tch fraudu ic11l act il'itics. make better use of 

resources and impro ve the quality " I' scn ice [Si nghal. 2()07]. In all these cases. data 

warehouse is served as a source o f il1 l"I' l11 atio l1 fo r dala min ing appl ica tion. This is because. 

unlike stnt istical sal11p ling, data 111inil1" needs l11ue h more datascts lor increas ing its accuracy 

in generating rules or 1110dels, 
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Chapter Three 

Web Mining 

3.1. An Introduction to Web Mining 

The World Wide Web (WWW) shO\I' a conti nuous groll1h at an amazing speed in the 

quantity and complex ity of Web sites. II has greatly impacted c,'cJ"\ aspect o f our societies and 

our life . The impact ranges from in ll)J"Jllation di ssemination to commu nicati on and from e­

commerce to process management. B) hroll sing through a Wch site. use rs complete different 

tasks, such as buying products. registe ring Ill!' clas ses. attendi ng classes on line [Khasall'neh & 

Chan, 2006] , watch news stuffs, get ma l' and weather information . etc . ,\long with the growth 

of WWW. thecomplexityoftasks such .ls \\'eb s ite design. Weh server design, and/or simply 

navigating through a Web site has increased. People at d iJ"lerl'nl limes Iried to add ress such 

issues by analyzing how a Web site is bC'i ng Llsed [Cooley, cl al.. 199<)1. how the site structure 

is made. and what and how the Web conlenls are organi zed. B) Ihci,' endeavor to address such 

issues, a range or puss ible techniques lIe re proposed. All thc'sc lead III the introduclion o f 

various new ways 10 discove r knowledg" rrolll a Weh sile data. Ilence thc term Web mining is 

coined to such endeavor. According 10 "llsala and Blockee l [ ~(J00 1. Wel' mining refers to the 

overall process or discovering potenli ," I) use rul and pre" iousl, unknown information or 

knowledge from the Web data. So, it C; 1I1 b,' de fined as the usc' or data tlli ning techni ques to 

automatically di sco,'cr and ex tract in lnrm"tion from Wc h dpcutllell\S and services. Web 

mining mere ly uscs the techniques th,lt arc' used in the con,cntiol1,t1 data mining process 

except the source "I' data i.e. is the \\ eb , ile. In Ihi s regard. Web mining can be defi ned 
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roughl y as data mining using data generated bv the Web and incl udes the lo llowing sub areas: 

web content mini ng. web usage min ing. and "d. structurl' mi ning I Araya. et al.. 2004] 

because the purpose of Web mining is .iust to try to acquirc uSl' lid inl(lrIl1ation and knowl edge 

from the huge amount of information in wv. W [I.ike. et al.. 2(1()41 . 

Kosala and Blochel [2000] suggested that Web min ing can be ck compuscd into the followi ng 

subtasks. namely: 

a) Resource Fi nd ing: Selection of tasks of retr ieving intended Wcb documents 

b) In formation Selection and Pre-I'roce 's ing : Automati e a ll~ select ing and pre-process ing 

specific information from retri c, cd Wehs as " 'ell as ae l\"5S multiple sites. 

c) Generalizat ion: Automatically diseO\ ers general patterns at indi" idual Web sites. 

d) Analys is: Val idate or interpretation ot ' the mined pattcrns 

In general , severa l scholars categorize \,'cb mini ng into three <lrea, of interest based on what 

patt of the Web to mine: Web content mining. Web structure mining. and Web usage mining 

[ibid]. They are di scussed in the folio " ing sect ions. 

3.2. Web Structure Mining 

Unlike the Web usage mining, Web structurc mining concerns on the h,ve rlink structure of 

Web pages. A Web page contains not Ol dy ,'onten ts but also h ~ pe ri inKs to other pages. These 

hyperlinks contai n an enormous al11 t> unt o f" laten t human annotati on that can help to 

automatically infer the notion of authority . When an author of a Web page creates a hyperlink 

to another page, it can be considered a, thc ,wthor 's endorscmcnt of" the other page' s content. 
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Similarly . as several pages are pointi n~ 10 " particular page. ih importance and relevance for 

the content of pointing pages is apprm cd. hencc such page bccollles au thoritative. On the 

other side . the page that is poi nting to Ihe aut horitative page is called a hub [Han & Kam ber, 

2006]. Web Structure Mining aims at lindin g the underly ing topology or the in terconnect ions 

between Web obj ects . As a resu lt, the Illodel built can be used to cakg,)riLc as we ll as to rank 

Web site, . In addition. it can be used to li nd out si milarity bet\leen Web sit es [Baglioni. et a I. , 

2003]. The motivati un fo r Web structur,' m in ing comes from thc mcthnd that was used in the 

1970s, By that t ime researchers weI',' using citatio n anal ys is tn cnlluate the strength of 

research articles. But. according to Han and Kamber [20061. Web doeumc nts have their own 

unique features . Web hyperlinks may nl) t always represent an endorsl'mcnt. rather the links 

perhaps be created just fo r paid adverti sl' lll ent or lor na\ 'igationa l purpose. 

3.3. Web Content Mining 

Web content mill ing IS one of the thrl'c Web mi ning catcgories. The ai lll of Web content 

mining is to provide an efficient mechanism to help the users to lind thc information they seek 

by mining the We b contents [Ivancsy ,\:. V"j k. 2006 1. It focuses on techniq ues for searchi ng 

the web ror documents whose content illcets \leb users que ri es I Batisa & Si lva, 2002]. 

The Web content is the data that the \\'eb page was des igned to con\ e\ to the users. This 

usuall y consists or text and graphics. hut not limited to thesc 1\10 t) pes [S ri vastava. et aI., 

2000]. Web content consists of several types of data such as k·'1. imagc·. video, metadata as 

well as hyperlink s 1 Kosala & B loch·,'I . ~ I'UO ] . Th us. contcnl Illining cove rs data mining 

techniques to extract models from we h obj cct contents incl ucii ng unstructured contents, such 

as plain text; sem i-structured documenh. sUl'h as HTMI. o r XMI.: struct ureci documents. such 
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as data in a tab le or in a database; dyn:lI11ic doc umen ts. mul timedia docu ments . The ex tracted 

models are used to c lass ify web objech. to cx tract keywords It)r usc in information retrieval, 

to in fe r structure or semi-structured or unstr uct ured objects [l3agli oni. et a l.. 2003]. 

Web Content Min ing deal s with problems o f automat ic inll) rmat ion filtering and 

categorization, intel ligent sea rch agent ' . and pc rsona li zati on \)f web agents [Punin. et a I. , 

2001]. So, it is the task of discove ring u,e ful informat ion ~I\ailabl e on- line in order for 

organi zing and clustering the documcn ts and rro , id ing search engi ncs for access ing the 

different documelll s by keywords, categorics. conte nts, etc [Iva ncs, & Vaik . 2006]. 

In some recent re searches, mining multi-t) pes of data is termed as mu lt imedia data mi ning. 

Moreover. much 01' the Web contents are unstructured documcnts (tc.x t data) . Resea rches in 

thi s area employ data mining techniqul" to l'xtrac t knowledge rrom the We b text data. Thus, 

both multimedia d ata mining and text mi ning arc considered as instances o f conten t m ining 

[Kosala 8:. Blockeel. 2000]. 

3.4. Web Usage Mining 

An important area in Web mining is u"lge min ing. which is the d isco, cry of patterns in the 

browsing and navigation data of V,:ch lI :ic rs. It has been Hn il1l portant technology fo r 

understanding use rs' behav iors on the \\ eb I h i & Sh ih . 2002]. V, 'd) usage mining can also be 

viewed as the extract io n of usage pattl'rI1S rru l1l Web access log data wntai ning the browsing 

behavior o f users IBa ti sta & Silva, 20()2 1. l"hLo! Web usage ana l' sis includes straighHorward 

stati sti cs. such as frequency of page acccss. number of, ·isit s \\i thi n a spec ilied peri od oft il1le, 

etc, as \\ c11 as mo re so phi st icated fon lls o r anal ys is. such as lind ing the cOl1lmon traversal 

paths th rough a Web site, group o f page's accessed together. etc I Cooic,. ct a l. . 1999] . 
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From the server side there are three t\ pes " I' logs. namel) acces, log. CITor log, and proxy 

server log. The clien t-s ide log is colkcted h\ implementing a remote agent or by mod ifyi ng 

the source code or an existing browser tn capture every acti \'it\ o r the clie nt while interacting 

with Web sites [ib id I, 

The se rve r error log is a fi le in which diagnost ic informat ion. or simply errors, which are 

encountered in proecssing req uests, arc' recorded, It is the li rst placc to look when a problem 

occurs with starti ng the serve r or with the operation or the sen .., r. sincc' it wi ll often contain 

detail s or what went wro ng and how to lix it II I J, 

Web proxy servers act as an intermedi'l te Ie\c l 0 \' caching bet\\'cell clien t browsers and Web 

servers [Batista & Sil va, 2002]. ProX\ log. usuall y co ll ected rro m and stored in the proxy 

server, is used to record requests and tlh' cached pages . 

Web access log, al so known as Web sc'ner Ing. contains evc ry users request to a specific Web 

site. Each rectuest i, recorded in the log 11\ us ing the clients' II' Addre" or domain name as a 

record entry. 

3.4.2. The Purpose of Web Usage Mining 

Web usage informat ion can be used to rcstruct ure a Web site in order to better serve the needs 

of users of a site. Complex traversal pat hs or low usage or a page \V ith important site 

information could suggest that the si ll' linb and inrorI11ation arc not laid out in an intui ti ve 

manner. The design of a physical dal<! layout can be enhanced by \" no\\ ledge of how users 

typicall y navigate through the site . I i" 'gc Inlo rmat ion can also be used to directly aid site 

navigat ion by providi ng a li st of "popul'lr" dest inat ions rrom a paniculn r Web page [Cooley. et 

aI. , I 999J. Thus, the purpose of usage mi ning he r~ j , used to id~ n ti t\ , the common paths users 
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frequentl y follow II hile nav igating through a given Web sitL'. Rc-designing the Web page and 

re-arrangement o r the Web content can be do ne based on the users ' prererence that is gained 

by mining their , isiting behav ior, 1( \1' e~am pl e by identih ing wh ich pages they most 

: frequent ly access together. The algorithill s that are used for assoc iation rule generation help to 

identi fy which pages are most frequentl ) req uested together by a user. Such kind of 

information can not be found by the Web log analyzer tools that generate the common 

statistical reports. But, mining for association rul es among dirrcrent Weh pages together wi th 

the statistical summary helps a lot to ge t an insight ora given Web site' s usage pattern. 

3.4.3. Web Usage Mining Techniques 

As Web mll1ll1g IS one fo rm of data Ill ll1 lng. it is possible to use an) of the data mln ll1g 

techniqucs. But, I\:w of these techn iques are most common ly used in the Web milling 

endeavor. For example, some of the data mining algorithms that are commonl y used in Web 

usage min ing are association ru le gencrati<ln. sequent ial pattern generat ion, and clustering. 

Associati nn Rule min ing techn iques di scover unordered correlations betllcen items found in a 

database of transactions. [n the context \,1' Web Usage Mini ng. a transaction is a group of Web 

page accesses, with an item being a single page access [Coole). ct al. . 19991 . 

[n usage mining the association rule is the corre lation among access to "arious files on a se rver 

by a given client. For example, in <lssociat ion rule min ing one can lind the following 

correlation: 40% or c lients who visited a gin:n company We b si te accessed the Web page with 

URL IC ompony I products / product 1 .h Im l al so accessed the r age with URL 

/ Compony/products/ product2.hlml [M ohashcr et a l. 19971 . 
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In sequential patterns generation, it is possihle to determine scque nt ial patterns such that the 

presence of a set o f items is followed 0\ another item in the t illle-s!amp ordered transac tion sct. 

By anal y/.ing this information. a Web usagL' mini ng system can idcnt il\ ' relationships among 

data items (usuall \ visited URLs). 1·,,1' c\ampl e. 40% of' the users " ho visited a URL 

/ company / products/ product 1 .html vi si ted the other U R L / company! products / product2.html 

after fifteen days li bid]. The duration Illay nut be necessary in da\ s. but also in the same user 

session. the order of the visiting can be mined. For example'. the fo llo\\ ing sequential pattern 

rule is generated based on order of visit in a single user session ol'and Oflic ial Web site of the 

1996 Atlanta Olympic: 9.81 % of the site visitors accessed the At lanta home page followed by 

the Sneak peek ma in page. 

Clustering techniques usually applied to .,roup Web site users according to thei r surfing 

behavior and to custo mize the Web pagc layout and content accordingly. In fact. thi s is 

possible whenever the users' identities arc known. 

3.4.4. Limitations and Challenges in Web Usage Mining 

To do Web usage t11 111111g, it is possihle to usc server side (bt u. client side data. or user 

registration data. However, there are Sllmc issues rai sed while tr\ ing tll use these sources. To 

use a client side data. either cookies or a rcmote .l ava agent arc requ ired to collect her/hi s 

browsing trend and session, but there is pri\acy issue [Cooley. ct al.. 1999 1. For such reasons 

the serve r side log data is preFerred for Ill ini ng usage pattern . The scner side log data refers to 

the tlu'ee types3 of tiles: Web access 10., lik. Error log file. and Proxy log ti le. 

3 They have been di scu~~t:'d in section 3.3.1 
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The Web access log holds reco rds of each hit by a vis ito r. When the USCI' requests for a single 

page, the browser parses it and generate req uests for all embedded li!.:s in it (such as inline 

images) I Arlitt, 2000]. For example, th ,' la llowi ng scenari o shows hall the log regi sters the 

request "hen the use r requests a Web p'lge \lith l ' RI. l i nd,,:· , .;):ml I1 3arretl , 2008]. 

• The web browser asks for the I I R L index.lilml. 

• The server sees the req uest and ,,' nds back the HTMI . page. 

• T he web browser notices that th lTe are two inli ne graphic links in the I-ITML page, so 

it asks for the first one. we/colli!' IjJg. 

• The server sees the request and ,ends back the graphic image. 

• The web browser then asks for the second image. /ogo.jpg. 

• The server sees the request and ,encb back the graphic image. 

• The browser d isplays the web page and graphics for the user. 

In the Web server access log, the foll o\l ing lines Imu ld be added: 

192.168. 45 . 13 

192.168 . 45.13 

192.1 68 .45.13 

[24/May/20 07 ;1l 2 0;39 -0300) " GET / i nde •. html HTTP/1.1" 2 00 117 

[24/May/ 2007;1l .20; 40 -0300) " GET / welcome.Jpg HTTP/1.1" 200 231 

[24/May/2007;1l ; 2 0; 4 1 -030 0 ) " GET / l ogo.jpg HTTP/ 1 .1 " 200 4 32 

Thus, thi s situation causes a c reation or a huge log Ii Ie with in a shorte r period of time, which 

may not be handled by many Windol." app lication to open . It also makes the preprocess ing 

task di fficu lt. 

The other difficult l in processing acce" log is identification 0 1' use r sess ion. A user session is 

considered to be all o f the page acces,,'s that occur during a single I'isi t to a Web sile, The 

information contained in a raw Web s,'rver log deles not re liabll represe nt a Li se I' sess ion file 
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for a number of reasons [Cooley, et al. . 199<)1. It is diffic ul t to identilYa user because a searc h 

engine usually does not have much inl " rtllation abo ut the user unless he/she has registered, 

and the II' address is not a reli able rcs"urec due to the use of proxy serl'ers and dynamic IP 

allocat ion [He & Goker, 2000]. 

In general, there are a number of difl iculties in volving in cleaning the raw server logs 10 

eliminate outliers and irrelevant items. reliably idcntifying uniq ue users and user sessions 

within a server log. and identi fyi ng sel11antica ll y l11ea ni ngfu l transactions \\ ithin a user sess ion 

[Cooley. ct aI. , 1999 J 

However. if the "Aid) access log is di , iclcd in to sess ions with the optimal sess ion interval. at 

least the data collected within a session can hc sure to he relatcd to a partic ular user in a topic 

most of the time. So with the optimal sC'ss ion interl'a l, much more data become avai lable for 

the mini ng [He & (ioker, 2000]. Therc .Ire diflerent methods to identif, user session. such as 

time based heuri sti c method. In this mel hod some sc holars claim tl1at use rs may have average 

time interval to Sial' in one Web site ICatkdge & I' itkow. I ')C).'i : Berendt. et aI., 2002]. For 

instance. Shen, et al [1999] used 1:00 ho ur duration lor a scssi ,)n : Catkdge & Pitkow [1 995] 

used 25.5 minutes ,\ here as He and Goker I ~ I)OOI fou nd ten to litieen l11inutes session duration 

from two Web log data. Usually, thirt , minutes are taken for such a time-based sessionizat ion 

[Araya et aI. , 2004: Sri vastava. et aI. , 2i1i10J. 

3_5. Applications of Web Mining 

Information users (both the information rrm ider and sccker~ ) could encounter, among others, 

the foll owing problems when dea ling \\ il h the Web 1 Kosa la & IlI<lekeel. 2000l 
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• Finding Relevant Information : , ser, ma, take mor~ that the usual time to get some 

information re levant to their n~cd and they rnay end up II ith no relevant informa tion 

after surfi ng the web for severul \Jo urs, 

• Creating IV.:,,' Know/edge OUI iiI Ihe in/iJ/'/l1uliol1 Ami/"h/.: on Ihe Web: Some users 

pmticularly Web based information pro\'iders lack the ski ll and the tools to ext ract 

useful information from WWW data and services, 

• Learning a/)(Ili! Individual L'.\(' /,s: Th is is a probl el11 that spec itica ll y deals with 

personalization of the informat ion. \\ hich simply knowing what the users do and wa nt. 

The tasks needed to do are either lll ,hS customizing to the intended users or personalize 

the Web sen'ice to individual LNTS, 

Web mi ni ng techniq ues are ai ming to deal lIi th those problems, As a result. it is poss ible to 

design a Web site that is suitable ', ' r th~ targeted user Cl\mmunit, hecause one of the 

applicati0ns of Wch usage mining is to persona li ze the Web contents and services. Web usage 

mining can help in addressing some 01 the shortcomings of the standard approaches for web 

personali Latiol\. However, it should bc notcd that the di sco\,c)'\' of patterns from usage data is 

not by itself suffici en t for performing the personal izat ion tasks [8 ati sta & Silva, 2002]. 

In addition, the e~t racted knowledge can also be used for ot her applicat ions, such as 

improving site usability, business intelli gence. and usage characteri zat ion [i bid]. By improving 

site usabi I ity, it is to mean that the di SCI> , cred usage pattern can he lp the Web designer and the 

owner in identifying the users visiti ng habit or interest the reh, they arc ab le to improve the 

Web site's content and layout design. I hi s. in turn. fac ilitates the users interaction with the 

Web and stamp positi ve experience in thL'i r mind . 
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Applying Web mi ni ng technology for husiness intelligence is beco l11i ng cO l11mon particu larly 

among c-commerce companies. Under,land ing user access pallerns in a Web site using l11 ining 

techniques not onl \ helps to improve \\ 'eb system des ign. bUI also leads to wise marketing 

decisions. such as pu tting advertisemen l in proper places. classi I) 'ing users. etc [Zaine. et ai. , 

1998]. 

According to Ara, a et ai. [2004]. <I na l\ l.i ng Web data can also be used for system 

improvements by providing the key 10 understand the Web tranic beIM\'ior. Advanced load 

balancing. data di stribution or policies Illr Web caching as \·\cll as hi gher security standards 

are potent ial bene lits of such improvements. 

In add ition to what is stated above. Web I11lnlng techniques cou ld be used to solve the 

information overloaded problems direc tly or indirect ly, Howe\ er. it is not claimed that Web 

mining techniques arc the only way to ,,,Ive Ihose problel11s I Kosala & Hlockee l, 2000] . 

3.6. Statistical Approach in Web Usage Analysis 

The di scovery of Wcb usage patterns in this research is accompl ished [1\ usi ng both the data 

mining and the stati stical techniques. St" tistica l reports can be useful Ill!' identifying usage 

patterns from the Web log records. To d" thi s. a num ber of Weh usage swti stical report 

generators are avai lab le both for free and cOJ1ll11erciall y. 

Statisti cal techniques are the most COJ1lJ1lon l11ethod to ex tract knowledge about vi sitors to a 

Web site. By anal,zing the session lile. one can perforl11 dilTerent kinds of descripti ve 

stati stical analyses (I'requency, mean. l'l e. ) ('n variahles such as pagc \ iews. viewing time and 

length or a navigational path, etc. Mal1\ \/v'l'b tra l'fic ana lysis tool s produce a periodic report 
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conta ining stati sti cal informat ion such as th", most l i'equen t l ~ accessed pages. average vIew 

time of a page or average length of " path through a sik. r hi s report may incl ude error 

anal ysis such as detecting unauthor il"d entry po ints or linding the most common invalid 

URLs. Despite lack ing in-depth analy, is. th is ty pe o f knowkdgc can bc potenti ally use ful fo r 

improving the system performance; enha nci ng the security o f the system: facilitat ing the site 

modification task: providing support li lr marketing decisions: ete IS ri"'lstava. et al. . 2000). 

Stat istical summar) reports, compri s in ~ of in l() rmati ll n such as c lient sites: types of browsers; 

and the usage time statistics, are used to giw understanding "bout the Web sites usage and it is 

also very important to r web masters t(l kn oll' the e ilicienc ' or the \l cn server [Punin. et al. . 

200 1). 

On other hand, data I11l11lng techniqu\" arc used lo r getting hidden patt erns frol11 the log 

records. Therefore. using stati stical techn iq ucs l0gether wit h data mi ning icchniques ro r Web 

usage pattern disco, cry gives a better insight ho" thc Web site is heing used. 

3.7. Related Works 

Different aspects o f Web mining ha, 'c been addressed by vario us scho lars in the past fe w 

years. Each of thc researchers attem pted to e ~ plnre variol" aspccts o r the Web mi ning 

endeavor that ranges rrom deve loping " Wcb min ing ardl iter tu re to ap pli cation of data mining 

techniques fo r Web mi ning. 

Among many, Shen. et al. [1999] ha,c claimed that the~ ha\ 'c presented a most effic ient 

approach for We b access association min ing. The ir ap proach consists o f three steps: 0) 

transform raw web logs to a relati ona l ta ble: h) com'en the rcl atil lnal wble to a co ll ec tion of 

access transactions: and then c) mine the transaction coll ection to e~t rac t association rules. 
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They in troduced \\ hat they called an e't'iicicilt association min ing algorithm, which is in fact 

based on the Apri()ri a lgorithm . The' used a I :()O hour ti mc duration lo r each session and 

fi nally presented the ex periment resul ts 

He and Goker (2000) tri ed to detect the p()ss ibl ~ s~ssion boundaries fro m a Web log data . 

They underlined the' importance of dek'cting scssion boundaries as it is cssential to establish a 

common context 1,11· variolls stati stics re'la ting to user sessions and frequcncy of user activit ies. 

They d iscouraged making sessions in Web log based on the' log da ta that has been made 

available from onc user or IP addres, under thc umbrel la of onc se,sion regardless of the 

length of time covcred by the logs. According to these scholars. this tc ndency lacks a more 

user oriented vie" . The ir argument is lila l a scssion on the Wen can be dctined as a group of 

user aet i, ities that nrc related to each olhe r n\lt only through an c,olving in formation need but 

also through close I' rox imity in time. 11K ' did Ihc experilll en i nn 1\\(' Web sites log data. 

F inally. their experi lllent revealed a I () III 15 Illinutes thresho ld nctwce ll user activiti es for an 

appropriate session interval. 

Batista and Sil va (2002) applied data mini ng techniqucs fo r Web usage mining of an online 

newspaper. Usi ng a Web access log lik. Ihey generated associatio n rules and cluste red the 

Web site URLs for personali zing the \\ eh ,~ rv i ce hased on the reading pattern of the users. 

Us ing commercia l data mining soft\\ ~ Ire ,ystems. they han: identi li ed and characte rized 

several reading pallerns within the ne'" site. rh~se pallerns \-IOllid de lin~ user profiles whi ch 

integrat e a news recommendation systcm bas~d on ,,~ b user prekrellces. 

Baglion i. et al [2003] undertook a research <111 preprocess ing and mining o f Web log data for 

persona li /.ation purpose. They ai med In c\lrac t models of Ihe llal"igaliona l behavior of Web 
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site use rs. They ha\ e given an emph'his ii II' th L' preproce ,s lng step and the im portance of 

domain knowledge ro r cleaning, correcling ailli completi ng Ihe input data to provide onto logy 

of Web page semant ic . They used USc' I' regi strat ion data in order to lise it together wi th the 

Web access log data. They have conducted experi me nts thm hui lt cias'i ification model ['or 

inferring an association between sex and in lc'rest o f users bascd on their nav igational behavio r. 

Another experiment they have conducled i, 10 pred ict whel her a use r might be interested In 

vi siting a section o r lhe web site based lin th L' secl ions the use r has al rcad) \ isited . 

In genera l, the major ity of the articlc, in \\ hich the writer or this thesis came ac ross show 

efforts to provide a general fi'amework / arc hitectu re to r Weh mini ng and in few of them 

attempts were made to perfo rm mi ning aCl iviti e, using techniques riJ r association rul e 

generat ion. 
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Chapter Four 

Modeling the Research Process 

4.1. Overview 

Web usage mining is re lati ve ly a youn g r~se<lrc h 'lre~ that is heing still resea rched; hence th ere 

is no uni\'ersal and gene ral approach to be ' ldoptcd whi le undertaki ng a Web usage analysis, 

As a matter of facL the writer, ex perien,'ed that the Cioogle™ searc h engine retri eved the usual 

stati st ical analysis too ls fo r the search ph rase ' Weh IIsage miniug IOU! ', \\h ic h probabl y shows 

that there is no fu ll- iledged tool for \\ l'b u, age pattern di sc(",cr\ that incorporates both the 

stati stical and the data mining features. 

In thi s study, the \\Titer attempts to model thc ap[lroac h for V. cb usage m in ing in whic h both 

the da ta mining and stati stical techn iq ues 'l re employed to lind Ollt the Web usage patte rn 

based on the premi ses discussed in the 10 11 0\\ ing sections, 

4.2. Format of Web Log Data 

The fo rmat of a log record may val') de pend ing on the type 01' scr\cr and its configuration, 

Most of the logs ho ld a lmost similnr in llll'l1lation: howe\ er, the Illl"lllat and order of the 

attribu tes may val',. The common/og ju/'II/(/ t, as set b) World Wide We/> Consortium (W3C) 

[1 6], contains the 1()lIowing fi e lds: 

.s ername dat I " _____ _9. '7.~ . .~",.-

-.f3 
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For exal11ple, the ") lIowing fi ctitious lug en lrv shO\\s Ihese field s popu lated with values in a 

Common Log Formal file record: 

15:0' -. 05-00 j---"GEi--· -ii~d~~ ,~;;lll Ii rrp ll.C· :00--1-043--------------------------------1 
.. _-- - --.. - -... - - - ----- .. -... _ .... -- ---- ------- ----- ---~ 

The fo llowing are the fi elds in the C Oll llllfln l ,flX /-(mllal: 

• Hos t 1125 , ; ,,5 , 12 , 25 in the c'\ al11ple ) : The IP address or host/ sub-domain nal11e 

of the HTTP cl ient that made the II I'll' resou rce request. 

• rfc 931 1"-" in the example- : 'I hi s is an identi lier used to ident ify the cl ient 

ma~ing the II TTP request, lf no \al ue is present. a "-" is substituted , 

• Us e rname "- " 111 the example- : I' he username (o r user idcntilication) used by the 

client for authent ication, If no value is presen t. " "-" is suhsti tuted , 

• da t e:time time_zone ( in the example ) : 

Thc date and til11e stamp of the H'I I'P req uest. 

• request " :ET /i ndex , htm !r 1 ," In the c''' lmpic : rhe HTTP request. 

The request licld contains three I' ,cce, of information , 'I hc l11 ain piece is the requested 

resource ( iT ,'x , html ), The request licid also conta ins the IITI 'I' Illethods ei ther GET 

or , :JST and the HTTP protocol \c'lsipn ( 1, PI' , 1), 

The GET method is used when a uscI' t\ pes a 'RL into the address ha r of the browse r; or 

she/he clicks on link in a doclllllent displayed in the hro\\'Scr: or when the browser 

dO\\ nload Images for displayi ng \\ ith in the HTML documc'nt. I'he POST method is 
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typica ll y is used for sending inr"rmation co ll ec ted rn' nl a fo rm displayed within a 

browser [JacKson, 2007]. 

• statuscode (2 00 in the exalllple 

success or failure of the HTTP r"q uesl. 

The status is the numeric code indicating the 

The numbers appeared in the status col um n ind icate vari"us fo rms of the request status. 

Here are some of the common sta tus endes : 200 indi cates successfu l status (OK): 301 

te ll s that the r,'q uested URL has b,'en changed (Moved Permanent ly): 307 indicates that 

the RUI for requested resource, has hee n red irected or at least changed temporaril y 

(Temporary Redirect); the status code -+0 1 could be prin ted if the requested resource is 

password protected (Unauthori zed I: -+ Il.' ind icates the req uested reso urce avail ab le but 

read-protected and it could he intent ional or error rrom the server administe r 

(Fo rbidden): -+04 appears when the re is no the requested re<;ollree al the server( Not 

Found) ; and 500 returned when " n inte rna l se rver so/i"are lailure detected Unternal 

Server Error ) IJackson, :1007]. 

• bytes (1(. In the example The b) tes field is :1 numeric li dd contain ing the 

number of b\ tes of data transferr,'" as pa rt o r the HTTI' request. not including the HTTP 

header. 

In the Ex-tended La.'..: File Format, there' a rc addi tio na l fie lds inco rporated in the log, slich as 

the Refer rer (the ot her Web s ites that k ;lds tn the cllrrent \I. ·ch , itcj: thc c li ent' s browser type 

and version; etc. 
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The input for the 'Xcb usage mining p,<>ce" is a Web log lik. \\hich i, refe rred to as a user 

session file that contai ns the access log rec(lrds fiJr each USL'I". It giws an exact accounting of 

who accessed the Web site; what page, werL' reques ted and in \\ 111It order: and how long each 

page was viewed ICooley, et aI. , 199')1 . The fik format can be a si lll ple ASCII text fil e. a 

spreadsheet, database ti le, or any other l;lI'111" t that is specifi cd In the clata mi ning tool like that 

of WEK1\'S (.arft) li le format. Thus. il req uires some preprocess ing tasKS to make Ihc data 

suitable lill' the selected tool. 

4,3, WEKA File Format 

WEKA. a data mining tool, has its 0 \\ n fo rmat lor thc data lilc it handles. The WEKA fil e 

needs to have an ".arff ' file name exIL' nsi(ln. ARFF li les h3\e 1\\0 m"in sec tions. The first 

section is the Header information, whil'h is 1<, lI o\\ed b~ the D"", inlill·malion. The !-Icader of 

the ARH' file contains the name of th L' rel a! ion: I ist of attribute, \ IhL' col umns or fi eld names 

in the data); and their data types. The /I. ·odel' section is identili ed hy the t\\·o rags: RELA TION 

and ATTRIBUTE. The data section ha, " D.11A lag. All tags arL' prL'ccckd by @' Comments, 

which form the opliona l section, are idL'n lilied by '%' mark (SeL' Figure 5.-1-5). 

4.4. Association Mining by Apriori Algorithm 

The Apri"ri algorith m is used for association mining by se lecting frequent items for bui ld ing 

candidate itemsets in order to generat L' association rules. fh e it ems are supposed to be in 

separate columns i.e . one item per column. Thi s means Ihm the assoc ia ti on rule is made 

between! among items in dillerent cllili mns. Blil. IVhen 1·l e 'ee a Web log record. we can 

observe that the lug records need furl hc'l' data p r~pa rali o n ta,k in additilln to the uSLIal data 

cleaning task so as tll make association, het \I een/al11 on!,! U R I.s. 
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The different algorithms implemented in WI KA also req uire dilTL'rent data ty pes. For instance. 

the Apriori algorit hm requires the val uL', to he nom ina l and mi ss ing \ alues should be replaced 

by a '?' (question mark). Then, the algorithl11 excl udes the :.Il1ri butes ", ith a "I' li'om the 

freq uent i te l11sets. 

4.5. Cleaning Web Log Record 

Data preprocess ing lor data mining ta , k i, \)I1e oj' the indispcnsGblc ac tivities In KDD. It 

usually starts from data cleani ng proec". In discovering kno \\ ledge li'om Web log data. data 

cleaning can be uscd to remove irrele \ :lIlt data. such as l o~ rL'cn rci s I'"" images, scri pts. help 

files, and cascading style sheets. Onl \ data tha t are re k vant tn the uscr identification process 

are kept I Khasawnch & Chan. 2006]. ()II the othcr han(1. the data cieanint! leatures avai lable in 

data mi ning tools. suc h as filtering feutlll'Cs in WICKA. do not lit 10 hundle the cleansing task 

in Web log data due to the very naturL' 01 ' log records. I'or c\u l11pk. the data cleaning in 

relational database record may be repl ;lc ing the mis, in t! value \\ ith an} one of the avai lable 

values; or it may be replacing outliers \\ ith ' 0111e C01111110n n Ilues. etc: ho\\eve r, this may not 

work for Web log data . 

Consequently, there is a need to adopt , omc oth L' r mec hani sm i<l carn' out such task. In thi s 

case, the only option is to write some C\ ll lt:S usi ng programm ing languHh!I..'. 

4.6. User Sessions and Transactions 

As it has been stated in the previou, chapte r. sess ion idcntilieation must be done betore 

submitting a Web log data to the usu ~ c mining too l. Each idcnti lied ,ession based on the 

chosen criteri a re presents duration 01' 'I user's Slay at the WL'l1 sileo .\ user is deti ned as a 

unique cl ient to the server during a spL'e i lie period 0 I' ti me I Khasa" nch 8;, Chan. 2006.1. Thus, 

a user sess ion mean, a time from the U,,'I' enters into the site up t\I , he 'he kaves the site. 
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The task of user ident ifi cat ion is to ickntil': records that arc helonging to the same user i'rom 

log records which art! recorded in a sequen ti al manner. Then. tra nsact ion identification should 

be done lor mini ng the association among the l lRLs the users ma) r"quest. In transaction 

identification, the lI RLs accessed b) the "Ime USC I' are put wgether alongside the session 

identification that serves as an entry to the transaction. 

4.7. Tools Selection 

As stated earlier in the current chapter. da ta Ill in ing in general. Web usage mi ning in particu lar, 

is re lative ly young lie lds of study; hence it is hard to get a full -fledged s\ stem fo r di scovering 

knowledge from a database of Web aCC'ess records, Therellll'C', t\\'o difkrmt too ls have been 

selected fo r this research : one for stati st Ica l rc'pon generation and the other lor data mining, 

4. 7.1. Tool for Data Mining 

The primary tool used for the Web usagc' mll1lng IS WEK I\ ( I/'uik"/(I Environment Inr 

Knowledge AnalY.I'ill, The ma in reason, \\'h) WEKA has bec'n chosen arc, 

• WEKA is nllW among the ne'A,11 c' l1lcrg ing and popular data mining too ls; 

• It is also easi ly obta ined as a frcc'war,': 

• An Apriori algorithm, which is the popular algorithm 1,\1' association mining, has been 

implemented in WEKA; 

• It has user friend ly graphic user in terface: and 

• The wri ter Iws a better understal lciing ol' the tool. 

However. WEKA had been originall ) dc\'cloped lor convent ional data lI1 ining purpose hence 

it lacks katu res Il,r preprocess ing and alwh'zing Web log da l" as it is, To overcome this 

limitation. a WEK,\ plug- in. which h.II'c heen downloadecl l'rol11 till' Internet fo r free, fo r 
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, 

preprocessing (filtering and sess ion idcnt ilicat ion ) 01' Web log data t()r mini ng in WEKA has 

been used, WUMf'/'~jJ-IWEKA is a plug-in [() hc il1legrated "ith WEK!\ t'lr preprocess ing Web 

log data; however. it has some limi tati (ln, too. 1:01' example, it has no a kature for Transaction 

identificat ion for performing associati"n ru le- mi ning since WH~ I\ requires the dataset to be 

put in di stinct co lumns to generate association ru le among theill. 

WEKA uses a file lormat of its own . \n . IliFF (i\ltributc-Rdation I·ik Format) file IS an 

ASCII te" t file that describes a li st of i'b lil nces shari ng a set or allribute.,. 

4.7.2. Tool for Statistical Analysis 

For the statistical ana lysis, Mach5 An"I! eel" has bcen selected . I'he main reasons to choose thi s 

tool for the stati stical analysis are: 

i) It is capable of producing the stalisti cal report s discussed in thi s \\o rk and many marc; 

ii ) It can present the report in both "hart and graph; 

iii ) It can sho\\ the common visitor, c'n tn and exi t pages graphicall\: 

iv) Is can hel p to generate a hit report spc'citie to some directori es: ant! 

v) It can be do\\ nloaded from the Internc'l for frce. 

4.7.3. Programming Language 

Python programm ing language is used I, ,,· \\ ri ting codes for somc prcproe<;!ssing tasks, sllch as 

for att ri bute se lection; transaction ilkntiliullion; sess ion-UR I. matrix generation : lInique 

URLs identification : etc. The languagc has heen chosen becausc' it is IlHlre appropriate for tex t 

processing as the log file stored as a te\[ til.:. rVloreover. the 1:lI1gua:;c h:1S simple syntax and 

buil t-in data struct ure to easi ly manipul .\lc te't data . 
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4.8. Model for the Web Usage Pattern Discovery 

·As it has been indica ted in the previ nl" cii 'cussio ns in the currcnt chapler, the di scovery of 

Web usage pattern is a young researcl l are. 1. In th is research. till' usagc' 11alle rn di scovery is 

carried ou t by using both the data min ing and the statis tical technique, . As a result, add it iona l 

and/or di fferent data preprocessing tasb arc requ ired. 

Considering all ",hat have been di scll,,,'d abnve. the ge nera l appr<lach used in thi s resea rch 

has been modeled and the following il lu , tra ti<ln depicts it. 

Means of 
Preprocessing 

I>WMPeep4V<£KA I 1 

Python 

L..._

P

_

CO

_

9==:J 

Data Collection and ~electlon 

1 
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-- I~I~-F-ill-e'-in-g/~C-'e-.-" ,-"g-~1 1 
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~i? 
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.J~ 

---H Attribute Selection I 
-~!:i 

rl Peepare V<£KA 1 
._~+., Dataset 
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\ S'a';"".' Analys.s I 
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Figure 4.8- 1: Process model ora Web Usage Vl in ing Approach used in thl.' '\ ll1d~ 
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Chapter Five 

Experiment 

5.1. Overview 

In this chapter, t h~ ex periment has ken ~ ll nd uc t l'd based Ull the mudel endorsed in the 

prevIous chapter. The data have bel'll <In;ilyzed stalisti call : alld milled for finding any 

association rule bet\\een/among URLs. 

5.2. Experiment Setup 

The experiment has been conducted on II'e ""10\\ ing Setup: 

• Computer T\ pe: Personal COllll lll fa '. \R6·h,,'·ed PCI 

• Operating S\ stem: OS Name 1\ 1',To.I/lli " lVilfdoll's I· 'is", I \I Ilollle Premium 

• Processor: ,·1.11D Turion™ 64 X.' \loll i/" 7<:(,/1I10/og), II -56 181111 :1 1hz, 2 Corel.l) 

• Primary Memory: /02-1 MB 

• D:lta Mining rool: WEKA 3.-1.1 1 

• Statistical ,\na lysis Tool: Mach.' .·/l1oil ·::er -1. 1.7 

5.3. Data Collection and Selection 

The data lor this study is a Web access l(lg data or A I\U ofticial Web sitl'. ,\5 mentioned in the 

previous chapters. H Web log data is ICIyored hy many fill' \\ 'eh u;;agl' analysis. The data 

warehouse that is considered in this st ud\ I' the Web log recl1l'US or the Web site that have 

been reco rded and <lecumulated on th l' \At Web si te serVe' r since the launching of the Web 

site, 
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A three Illonths 'Xcb access log data h;1\ c' b~e l 

selected hy judgm en t sampling method :lI lei they 

they cOl11prise 25% o f the whole year. I he data 

latest data available li'om the data 0" ncTS. I hus. 

double advantages arc gained: Firstly. Ihe .I ;lIl ua 

When the regular ' ''Idents are in cam pus (t be 

represent the ti me " hen regular studel1l ' are I'n \ 

(the ' Kiremt' season. wh ich is the sh,'rler 11 Ill' 

representative for one academic yea r dm" (I 

separately to mitigate the impact of an ' po"ihl 

s imilar result, it is possible to conc ludl' that Ihe 

otherwi se the Web usage trend varies 11 11 d irkre 

5.4. Data Preprocessing 

5 .4.1. Dividing the Log File 

The log data that "as obtained from thl' Weh s 

to be Pt'ocessed as it is. The Python pr"gra l11 C 

into m anageable si,e ti les. 

For thi S , tuel y, the data preparation in ll ucll's ( 

later re-l11crging a lier filtering individ u:d l). \, 

user's req uest for a , ingle page resulted il l Ilil 

by ex.e: ludi ng such ent ries recluces the " I~ si l l' 



Accordingly, the log li le has been di vid c'd in[<' slllalk r size liks, I'hen , the fi les have been fed 

into the IVEKA pl ug- in , WUAlPrep41 j"f A.A . lI sing the IVEA.·. ~ '.\ A.'/1(JII'!el(<.;eFlow graph ic user 

interface application and the Python c<"les, I'u rther pre processing hm e Ix'cn performed, (See 

Appendix A and B lo r knowledge flo \\ diagralll of request li ltering and session identi ficat ion, 

respective ly), 

5.4.2. Filtering! Cleaning 

The Web access log records file ma\ hac c' entries that conl<1in irreknlJ1t records for the 

di scover) of lIsage pattern, Thus, suc h records should be liltered and excluded Ji'om the 

dataset. i-- lost of the statistical analysis 1001, have their own I"cilily 10 let the user ti ll in the 

criteria to filte r out Ihe irrelevant req ul" t records. However. clue 10 the size of the log fi le. it 

has been fo und ad\"Cl ntageolis to lise the' same fi llered dataset f(lI' both the stati stical analysis 

and data mining tools. 

Primaril y, the entries of the log that conl ain in line or embedded image liles are removed , Th,; 

common entries ilkntified in the AAI 'VI eb Si te arc OIF and .IJ' (j '.lPI:O fo rmat images, 

Entri es \li th these lile name extension s h'l\e been rcmO\ ed. 1',d,1e ~ .-l - I shows the items 

served as criteria duri ng filteri ng, 

S,No Entries I': xcluded (i'om 

the Dalaset Include: 

I *,gif 

I * ,jpg or " j peg 

* .nlOV 

* ,png, elc 

2 I *'css 

I 

-~~ - --- -

Reason! I, "pl anation 

-
I h sC'lIl ning the log rl'cords. il has been found that 

t hl' Ii les wilh Ihest' e:\ll'ns ions are embedded 

I 1l1~U2.L' S: such as IOQos. \'\L !cUl1le illlaces, etc, which , , -
I 1, IYe Ilil ihi llg to do "" ilh Ihe contelll " r the page, 

( -<se"di ll g St) Ie Sheels leSS), -< e"ntrol over the 

)IL'SCllla tioll l) f the 11"1 \ ,11 d"elllllents, i,e, they 
I I 
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, -

3 ',cgi 

*.js 

4 POST,III ,AD 

5 

I 

',doc, *xls, ',pdf, ' ,txt 

I 

t 

I 

l,,~d to ckterm ine the I"uk or the Web page 

hrough browsers, Th~: do not havc contribut ion 

i'r th L' usage patte rn discoler) \.Iackson, 2007] , 

I 

I 

" ----- -:-------:---i 

k ms \I ith those SUfflXL'S 'Ire common scripts that 

1. I\ 'e n(l contribut ion lor the usage mini ng, 

I 

, 

\ UR I, \li th path bcginni ng wit h Icgi-binl IS 

l11erprded bl many sen L'I'S as request for CG I 

,!L' ne rated contcnt. 

I hcsc met hods are USL'd lil r ( onVCI ing a request to 

hL' SclYer that are emanated I'rom rorms, such as 

\~ cb II s~r rcgistrat ion l'o rms, etc 
t 

I 
- -- ,-,--------1 

ntrics with lile, with thcse extens ions are rare, 

I lL' nce they are removed , 

Tab le 5 .... -1 : Log Fil tering criteria and their rl" pcl'lh'c e\p lanatio ll s 

Entries" ith the request method POS'I hal'c been al so excl llCkd rrom the dataset because the 

AAU Web Site has no a feature to entel'l 'lin this method , such as lilrms 10 he nled out by users, 

etc, 

These are the mai n criteria to exclude " 'mL' lug L'ntrics: hO\l CI er. some lither li1tering criteria 

also applied for indil 'idual nles speciliL' to lhe mining techniques, such us removing att ribute 

values that are not important for the an'lh sis, 

In addition to n ltcring the entries, ,'leaning the log da ta haw becn done, To avo id 

inconsistcncies, all the pages having " ,Ill ml " L' \ tension have bL'L'n cOl1l el'led to " ,htm" and the 

texts have been cOl1lc rted to lower cas~ iSI11;Jlllellcr) form, 



5.4.3. Selecting Attributes 

Attribute selection has been applied fo r ,,)me' dataset dcpending lin t h~ t.' pe of the W,'b usage 

mining techniques used in the anal ysi s. 1'01' example. for th~ I I{I s as't lci at ion mining. all the 

attributes except the URL have been rc nhl\ 'ed because later the I 'Rl.s arc concatenated 

horizonta lly where each URL is located In a col umn. 

5.4.4. Session Identification 

For user session itic' ntification. the ti me' heu ristic method is l"cd be'cause the log tormat does 

not allo\\ using nther methods and Ihus ,q mi nutes. which i, the dClflult valuc fo r thl: 

preprocessing tool. has been used for ti ll' experiment. 

After the preproce"i ng, user sessions h, lI 'e heen idcn tili cd. \\hich me;lIb that the Web site is 

visited virtually b) the number of user, Iha t is equal 10 the numher of ,cs., ions w'ith in the given 

period of time 

5.4.5. Transaction Identification 

Since the fo rmat of a Web log data is nll t "I itce! to r dircct il11pllrl inlo the mining algori thm , 

further data preparation tasks are requ il\"1. ·1,.'"1sactil\ll idcnt ili C<ltilln is the lask of grouping of 

page references based on the user se" ion, like that of marke t-basket analysis ,·vhere the 

transacti on defin itilln is the items purell.lScd hy a cllstomer at one tink' ICooley et 31. 1999]. 

This is because thL' ex isting data mi ning icchniques for a, soL' iat i,lll ruk mining requ ire the 

attri bute to be in di stinct colum ns. For tll is ,·x perimL' nt. the I l]{ I .' I'equesled by the same user 

have been groupee! and put in columns. liK e : ( R 1.1. UII L2 . ... 1'11 1_11/ II hel'l' 17 is the num ber of 

un ique URL requc'ied in the log. Then . Ihe I iRL. s requested I" a IISCI' should be fa il in any of 

the co lu11lns. To el ll thi s, a Python cod,' 1,,1 ' been \I rillen. ' .' igurL' :1.,,\- 1 shows the algo ri th m 
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developed for transaction identificat ion. Fi g ur~ 5.4-2 al so sho \\, th~ lransactions created for 

each user session using the algo ri tlun. I h~ II ' num bers are hiddcn for pri\'acy reason. 

Algorith m: Concalena!JJ..lg URLs alongside Jhl'lI ~I(/II ID 
- -~.--------.. 

Input: F. st'ssionized log data file 

O utput : T. a fil e containi ng user request t ran s<ll: lio ll ~ 

L=() 
SID=[ 1 

II each relllles/ in F. s uch that L I .. LII. wher(' 11 ;" the nUll/her o(/'I.!{!lfe,\/,\ 

II sess io/J id 

newS tD= I I II ClIrrelll session id 

prevS ID=[ I 
List= [ 1 

II pl'eriulIs session id 
II list uO/ems in a line 

Count=O 1/ inithdb!d 10 CO lin! number oj {"('( /I/ L'.\!\" 

WH I LE i< COllnt: 
Read L from all input fil e 

Lb t={array of items in the line L after "\?parnted by space: 

I Cll1p Li st== {a rra~ of nul! items list} 

nt:'wSID= LislfOJ II Ust[O/ /\ Ihe "(.'.\.\' ;01/ idlor ClIl'l'(!/ll liJl L"'i Li." 

IF newS I D=~pl''' vS I D TH EN 
Append the List[6] to templ .i'i II I i \f [6./ j,' Ihe L 'RL .fiJl" ( IIlTl'nI 111I~ ' \ !.i\'( 

EI.SE 
Append prevS I D and templ .i..,t to m~ List 

Write Mylist to T 
Ass ign the current session II) tn prl'\ SID 

EN D IF 
COllnt=Colint 

END WHI I.E 
~ --~---

Figure 5.4· 1: Algorithm for transaction id entificatio n 

04.concate:.,ated - Notep.;.c 

File Ed rt ~crmat View -lc 1= 

~29B46:1 , l administration/index.php , / fac ulties/ sc!index tHm . / faeulties/ sC/afroalp/home.htm Ifaculties/ se/geology/geology.htm , Ifaculties/ teo 

029846:2 ,/research/ ierl staff.php , Iwebnews/showartleLe.php , , tileultles ' sC/mdex.htm , J webnews.! showarttcle.Php , Iresearch/ier/workshops.php 

029846:3 , Ilibraries/index.htm , 
029846:4 , / researchflndex.php, l administration/index.php indell:php , 

029846:\ , Iwebm.il.htm . 
029346:6, /researcn]tes]Jes:htm. 
029846:7 , / research/ elrC/les /index.htm . 
029846:8 , /faculties/ sc/geology/geology,htm , /faculties/se· geology/ geotogy.htm , 

029846:9 , Ivacancieslmain .htm, /vacancies/ specialuatio n,htm, 

Figure 5.4-2 : Comm a ~cparated transaction ror log da rB of August (pa rl-i.:)1 ,,-ien ). 

5.4.6. Preparing the Dataset for Mining Tool 

After the lransacti on identification has h~en pcrformed. somc lasks shou ld be done to prepare 

the data lor the mini ng tool. The iden lil ied transactions havc long tC\t ro ws that red uce the 

readabili ty, which makes it di fficult fo r hum an to eas il y assim ilak lhc ,Iataset contents. Hence 
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each URL needs to he represented by a , horler name and then the colum n headings have been 

named as U RLI. LIRL2, ... URLn, as it is sialed above. The "<rl ul's under eaeh column have 

been represented either by ' 1'5 or ' O's. II herL' ' I ' means thai the l lRL lias requested with that 

user and '0' othem ise. But, '0 ' is used lor attrihute de linit ioll only and lo r actual sessions it 

needs to he replaced by'? ' to tell the Illi ning algorit hm that the, aille is missed and then it is 

excluded ti'om the mining process wh ile- gcnerating large ilL'm sets. Then. the log data need to 

put in WfXA unde rstandable format i.e, ,·/if l'ih llfe-Rclaliun File 1'(11'111(1/ (,A RF F), 

A lgorithm: To creale 5ic.\Siol1-URLs matrix 

lnl!.!!.!: T . a fil e con tai ning user request transactillils 
Input: Q. a fi le contai ning unique URLs li st l ila l t'lIllill lll in support 
Output: V. a fil e contain ing Sess ion -URLs m;lIri\ 

L=() II each 1"t '<llIes( in F, .'i1lch Ihal l I LI1 \1-/tefl' 111\ the I1lfJll ht'l" o/ IH lun /\ 
SID=[) II ses,l;o" ;d 
newSID= 1 I II ClilTe/J! session id 
prevS ID=[ I 1/ p r cl'ifJ/IS sess ion iel 
List= [ ] Il lisl (~( ifems in a line 
Count=O II inililfli:::ed /0 count number " / fll l/lIe.V ., ' 

Read uniq ul! List from Q 
,Read input l. ist from T 
Count the I ine's in T 
WHILE i<. Count: 

IF i<=Count 'I liEN 
FOR (k=O:, -=lengthOruniqueL i" , , ., I DO 

Assig.1l -null ' to UniqueListfJ.. I '1/ 11/1 ' COli hl' '0 ' ill till' ((Ide 
EN D FOR 

END IF 
Read inpll t Li ~t fro m an input file T 
Calculate the kngth of input List 
FOR (k=O; k· · lengthOflnJlutList; k ' ) DO 

-. FOR U=O: i ~lengthOru niueLi st: ,i . ) 1)0 
IF inJlut Li st[k) == UniueLi'rJ I I and VectorL i>l Ul <. > input I " tikJ IIII.N 

As>ign inputLi st[k) to VectorL i;tl.i l 
EN D IF 

EN D FOR 
A ss ignColllll(.' r++ 

EN D FOR 
I r- AssignColilltcr >=2 TH EN //(0 .\ 1.. 1/ 1 ,·il1'.'./I..' /O/lIr<lIlso('linns 

Write VectorL ist 10 file V 
EN D IF 
A ~signCoul1t t'r 0 
j-' ,. 

Vt'ctorList=1 I 1/ inili{Jli~eJor fhe II I -\( il l'l"Ul iUII 
EN D WH II.E - --,--_ ._- - _. 
Figure 5..4-3: Algorithlll for crea ting Session -l IRL, matrh: 
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The following fi gure' shows what has been (can bc) done by the above algori thm. 

'"") Augun.."'OO- :rtARFF.tlC!: - Nc'!(,!1 

File EdIt kmat View He~' 

----

'0', '0', '0','0 '0', '0', '/f.mllties/ scJindex.htm ', '0', '0', '/admit· lstration/index.pnp· '0', 0', '/ reg istro1 r/ ad mi ssion .php '0' 

'0', '0', '0','0 '0', '0', '/faculties/sc/index,htn( '0', '0', '0', h ,.C!l:Inew5,showart ide.php ', 0', '0', O' 

'0', '0', '0', '0 , '0', '0', '0', '0 . 0 , '/ administration/ index.php 0 l inde)(.php 0', O' 

'0', '0' , '0','0 '/vacancies/main.htm ', '0', '0', '/vacancies/ speCl<, lizatiol" him ', O. '0 '0', 0', '0' 0 

'0', '/academics/index.php' 0 I news/ index.php ', '0', '0', '0 0 '0 0 0', '0 . '0 '0' 

'0', '/academics/index.php', facul t ies/ index.php', '0', '0', '0 0 '0', O. 0', '0 . '0 . 0', O' 

'0', '0', '0', '0 , '/Vacancies/m am, ktm ', '0', '0', '/vacancies/spem fml iol1 Mm', 0 , '0 0', 0', '0', 0 

'0', '0', '0', '/news/ index,pkp Ivacancies/ main,ktm ', '0', '0 0 0 0 0 , '0 / regi strar/ admi5sion pkp 0 

'0', '0', '0', ,/news/ index,pkp 0', '0', '0', '0', '0', '0', '/webnewi show~"ticl e,php ' , '0 , '0', '0' 

'/webmai l.htm ', '0' , '0', '0', / vacancies/ main,htm ', '0', '0', '/vacliincies lspecialiu tion,htm , '/ abo utlindex,php , l ad ministration/ index.php', '/webnew$ 

'0', '0', '0', '0 '/vacancies/ma ill, htm ', '0', '/fac ul ties/ sclindex.htm·, '0 0 , '0', 0', '0', '0 , '0' 

'0', '/icadem ics/ index.php' ffacul ties/index.php', '0', '0', '0 , 0 '0', 0 , '0', '0', '0', '0', -0' 

'0', '/academ ics/index,php', l faculties/ index.php', '0', ' / vacanc!esfmam,htm ', 0', '0 , '/vacancies/spewli!z .. t ion .htm , 0', '0', '0', '0', '0', '0' 

'0', '0', '0', '0 '/v.1cancies/main,htm ', '0', '0', '/ vacancies/speCla lization hIm ', 0 , '0 '0', 0', '0', 0 

'0', '0', '0' , '0 , '/vacanciH/mam. htm ', '0', '0', '/vacancies/speclalization him ', 0 , '0 . '0', 0', '0', 0 

'0', '0', '0', '0 '0', '0', '/fac ulties/sclindex.htm ', '0', '/aboutlind ex ,ph p l adm in istration/ index.php '0 0 , '/regi strar/ admission.php', '0' 

'0', ·/academics/ index.php' l facu tties/ index,php', '0', '0', '0 , 0 '0'. 0 0', '0 , '0', '0', O' 

'0', '/academics/index.php' l facut ties/index,php', '0', '0', '0 facu!tles/ sc/ index,htm', '0', '0', 0', '0 0 0', 0' 

'0', '0', '0 , '0 , '/vacancies/main, htm ', '0', '0', '/ vacanciet/speciali :atio ll htm ', '0', '0 , '0', 0'. '0', 0' 

'0', '/academics/ index.php', 0', '0', '0' , '0', '0', '0', '/ about/i nde'(,php' ladministrationlindex.php', 0', 0' '0 , '0 

'0' , 'lacadem ics/ index,php', / facu tties/ index.php', '0', '0', '0 , 0 '0', 0 , 0', '0', '0', '0', '0' 

Figure 5.4-4: The scrcen-shot after the tran s;-I(' lioll'i pul in Scss ioll-U RL matrix fo r August log (partial 

view), 

Figure 5.4-4 shows the identified tralN lc lions. afte r they are' pUl I II Session-URL matri x, 

where each row is a single transaction (user sess ion) and the column rcpresent a unique URL. 

The first column is Ll RLl ; the second i, URI .2: and so on. Ifille' I JRL \las nOl requested by a 

user, the program automatically puts '0· under that URL col umn. For example, the ti rst user 

requested only URI.7, URL IO and UR1. 13. Il is also noted lhal it is nOll1ccessary to inc lude 

the user seSSIOn ide' ntification for associati()n rule genera tion since a 1"0\\ represents a si ngle 

session. 

The foll owing figu re shows after the trdl1sactions an: transformed to ·I· s and ·O's and put in 

WEKA file format. llul. each ·0 ' has b,',·n replaced by "." l al~r le)r generation or rules. 

In fact. the general assumption is to cre'Clte Session- lJ RL vector 1,·)1· cach user sess ion. But. in 

real ity th is could not be possible due h I two reasons: for one lh ing. creati ng a column for each 
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The foll owing fi gur~ shows what has been (can be ) done by the above algori thm. 

Augu;t20(l';-:r!'ARFf.oo · No'~~ l j 

j Fi le Edit"" fe ·nu l View He.,;: 

'0', '0', '0', '0 '0', '0', '/ f.culties/ scfindex.htm ', '0', '0', '/ admll' lsttation/index.php", '0', 0' , '/registrarfad miss ion.f) np '0' 
'0', '0', '0', '0 '0', '0', '/fac ulties/ scJindex.htm ', '0', '0', '0', / \·,~ ~new$ , showa rt i de.php ·, 0', '0' , O' 
'0', '0', '0','0 '0', '0', '0', '0 O. '/ administriltionJindex.php 0 lindex.php 0', O' 
'0', '0', '0', '0 '/ vacancies/ nlain.htm '. '0', '0', '/vacancies/ spem lizatioM htm . 0 , '0 '0', 0', '0' 0 
'0', '/ academ ics/ index.php' 0 Inews/ index.p hp', '0', '0' , '0 0 '0 0 0', 0 , '0 '0' 
'0', '/academiu / index.php', f.lculties/ index.php', '0', '0', '0 Q '0' 0 0', '0 . '0' '0', 0 
'0', '0', '0', '0 , '/Vacancies/m alll .htm ', '0', '0', '/ vacancies/ spem IJIation htm ', 0, '0 0', 0 , '0', 0 
'0', '0', '0', '/ news/index,php Ivacancies/main.htm ', '0' , '0 0 0 0 0 , '0 / registm/ admissio" php 
'0', '0', '0', '/news/index,php 0', '0', '0', '0', '0', '0', '/webne.', s show .. "ticle.php ', '0 , '0' '0' 
'/ webmail.htm ', '0', '0', '0', / vacancies/ main.htm·, '0', '0' , '/ vllcancies: 'pecialization,htm , '/ about/index,php , l administration/ index. php , / webnew, 
'0', '0', '0' , '0 '/Vacancies/main,htm ', '0', '/ fac ulties/ sc/index,htm ', 'O 0', '0' 0', '0', '0 , '0' 
'0', '/ academics/ index,php', / faculties/index.php ', '0', '0', '0 , 0 , '0', 0 '0', '0 , '0', '0', 0' 
'0', '/.<Od'mi"J;ndox.php'. If"u lti .. /i"d".php '. '0'. "/m ",,,,/ m, ;", htm '. 0', '0 , '/''''"''''/ ' p,,,. h,,tio" ,hlm , 0', '0'. '0'. '0', '0' , '0' 
'0', '0', '0', '0 '/ vacancies/ main,htm ', '0', '0', '/vacancies/5pem lizatiol' Mm', 0 , '0 '0', 0', '0', 0 
'0', '0', '0', '0 , '/Vacancies/m alO,htn", '0', '0', '/Vacancies/ spem liution htm ', 0 , '0 , '0', 0', '0', 0 
'0', '0', '0', '0 '0', '0', '/facult ies/ sc/ index. htm', '0', '/ lbout/ind ex ,php / adnlinistration/ index.php' '0 '0 , '/ registrar/ admission,php', '0' 
'0', '/academics/index.php' I h culties/index.php', '0', '0', '0 0 '0', 0 0', '0 '0' '0', O' 
'0', '/ academk s/i ndex.php ' !faculties/ index.php', '0', '0', '0 , facu ltleslsc/ index,htm ', 0', '0', 0 , 0 0 0', 0 
'0', '0', '0 , '0', '/vacancies/ ma in.htm ', '0', '0', '/vacancies/ s'petlalizatioll .htm', 0', '0 , '0', '0', '0', 0' 
'0', '/academics/i ndex,php', 0 , '0', '0', '0' , '0', '0' , '/about/index.php l administration/index,php . 0 , 0 '0 , '0 
'0', '/academics/index.php' , / faculties/ index.php', '0', '0', '0 , 0 '0', 0 , 0', '0 . '0', '0', '0' 

,-,-

Figure 5.4-4: T he screen-shot afte r the tran S~Il' l i oll "i put in Session-UllL matrix for August log (parti,al 
view). 

Figure 5.+-4 shO\vs the ident ified tra lN lcti ons. after they arc put In Session-URL l11atrix, 

where each row is a single transaction luser sess ion) and the colul11n represent a un.ique URL. 

The first COllUl1Jl is lI RLl; the second is URI .:' : and so on. If tile I IRI. li as not req uested by a 

user, the program automatica lly puts '0 ' unde r that URL column . F0r example, the ti rst user 

requested only URI.7. URLI0 and UR!.13. It is also noted that it is not necessary to include 

the user sessIOn iden tification fo r assoeiati(ln ru le generation sincc a H m ' represents a single 

sessIOn. 

The fo llowing fi gure shows after the tr,lIl sactions arc transformed to 'I' s and 'O's a'hd put In 

WEKA Ii Ie format. IluL each '0' has lxcn replaced by "," lat~r Illr generation of rules. 

In fact. the general assumpt ion is to crc':l te Session-l JRL vec tur k,r each user sessIOn. But in 

reality thi s could not be poss ible due t<l t\\"o reasons: for one thing. crea ti ng. a column lor each 
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unique URL make the dataset nonsense' ,dlere large nUl11ber~ (If missing ya lues were recorded 

as some LJ RLs were requested very rarl'i,. Illi' instance, once. 

05_Tr~I, ; fc. rmed · Not~~d 

FH~ Edit ~::"rmat View Help 

% Title: ARFF File f r AAU l'leb Acc ess L c";[ Data -3 
% Created By : Mekoll n~ n Tsegaye 
% Da t e Crea ted: Nove: "!!- .::£: I 2008 

@relati on AAUWebLogAtHJ1.15 t 

@attr i bute URL 1 (1 ,0 \ 
@attr i bute URL2 ( 1 , o ) 
@attr i bute URL3 ( 1, o ) 
@attr i b ut e URL4 (1,0 ) 
@attr i bute URL5 (1, O) 
@attri bute URL 6 (1, 0 ) 
@attr i bute URL7 (1, 0 ) 
@attr i bute URL8 (1,'0 ) 
@attr i bute URL9 ( 1 , 0 ) 
@attr i bnte URL10 {l , t)' 
@attr i bl.lte URL11 (1 , 0, 
@attr i bute URL12 (1 , 0'· 
@attri i)tl te URL13 (1 , 0 
@attr i b 1Jte URL14 (l , G 

@data 
0, 0 , 0. ° , ° , ° , 1, ° , 1 . 0 , 0, 1 , 0 
0 , 0 , C! ° , ° , 0, 1 , 0 , 0 1, 0, 0 , ° 0 , 0 , 0 0, 0 , 0, 0, 0 , 1 . 0 , 1, 0 , ° 0, 0 , '" ° , 1, ° , 0, 1 , (, 0 , 0 , 0 , 0 

, 0, 1 , 0 1, 0 , 0, 0, 0 , n ° , 0, 0 , a 
0, 1 , 1 . 0 , ° , 0, 0, 0 , O. 0, 0 , 0 , a 
0, 0 , 0 0, 1 , 0, 0, 1 , (1 0 , 0, 0 , a 
0 , 0 , (I, 1, 1 , 0, 0 , 0 , (I I) , 0 , 1, a 
0, ° , 0, 1, 0, 0 , 0, ° , 0 1 , 0, 0 , 0 
1, ° , (I 0, 1 , 0, ° , 1 , 1 , 0, 0 , a 

' O, 0 , O. 0, 1 , 0, 1 , ° , 0 0 , 0, 0 , ° 0 , 1 , ° , 0 , 0, ° , 0 , 0 0, 0, ° , ° 0, 1 , ° , 1 , 0, 0, 1. 0 0 , 0, 0 , ° 
Figure 5.4-5: The transformed dataset in WE KA sia ndard file fo rmut fo r August log (pnrtial view). 

I 

For this experiment. the general rule h,, ~ be,'n used is that the L1niCJ ud ) identified URL must 

fulfill a minimum ]"{, support of the tot,1I number of transactions in the best-case scenario. The 

best-case scenario he re is that if the \\ ho le transaction. I. is proc.;'sseci in the association ru le 

generati on and if the URL, 11, found on l\ once per transaction. 
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Then, an ' · given LIJ{ L. 11, could be idcllt ili,'d as a candidat L' large item sct if it could gain at 

least 3% :.;upport threshold. Here, 3% cihlSen as a minimum because if it goes beyond thaI. the 

number of columns may increase and cIlmpl icates the mini ng process. Moreover, those items 

that are bdow this threshold have less pmbahi lity to he among the hest as,ociation rules due to 

their low support ",due: Thus. 

!!.- ~ 0.03 , n is any URL 111 the transaction and I is number ortran":H: tiolls. 
I 

E(luatioTl 5""-1: A formula to determ ine tht..' minimum support rhrl'shohl for selecti ng URLs for 

association rule g.cn er;ll ioll . 

Accordingly, fulfilling the minimum threshold. some numbers or l 'RL. s ha, e been selected fo r 

preparing the dataset (See Table 5.4-2). 

Months Total I t inique Ses:io~,~r I Selected 
S.No (2007) Sessions 

1 Januar: 22. 

2 May 2Jt 

I .P.::a","c",'s,,-' _ __ f-"I'.:cxLP.=criment ; Pages 
~ - 0 --- T c_ 

~~ 1429 242.1 I 18 

1,7 I 2226 216 1 18 
-I - -i--- -j 

, 
August 18 J 

- ()~ _ :-:--,2::,0-,-89-;-<- 3 m 14 I 
Table :."1 .... -2: MOllth -w lse statistics after trallsactions identification has heen clol1(' . 

5.5. Data Analysis 

5.5.1. Statistical Analysis 

The dataset which have been liltered 11<" e bL'en I',.·d into the stat ica ll y ana lys is tools to find out 

a usage pattern. The Web access IIlgs it)r some sample nh)t1ths have been analyzed 

indi viduall y. Thus. using the stati stiL',,1 all al yz ing too i. the 1l)1I0\, ing outputs haw been 

generated. 



5.5.1.1 . Hits Statistics for the Sample Months 

S.No Items 
Months (ofn>! .. 2007) 

---,------
Janu a ry (.' , I da)'s) 

I J-l its (Request Records) 
2 Average Ilits per Day 
3 Total Failed Requests 

-
~ -+ 77 

Table 5.~-J: Hits statiStiCS for the three mOll th"'i . 

170033 
5-+84.94 
(2.04%) 

May( 31 days) l\ugust(31 days) 
118702 106792 .. 

:1 829.10 3444.90 
5656 (-+.1 6% U 4376 (4.10%) 

The total hit is rela tively higher in Jall uan than the remaining two months. However the 

numbers of hits recorded on pages ,howcd decrement proport ional to the total hit s. This 

proposition also e ~hi b i ted on the avenI l'c number 01 ' hits per da). Hi ghcr percentage of fa il ed 

requested were recorded during May ' lild August. Despite the i'act that higher number of 

visitors "as recorded in January, less railed requcstcd were sho\\n in the same month Crable 

5.4-2 and 5.5- 1). 

5.5.1.2. Most Requested Pages 

The following tab le shows the top ten most accessed pages during the 1110nth of May, 2007. 

Web access log data. See appendices 1\" January and Augustnl<lIlths' l'ra ph. 
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Top Requeste d Pages' Hits 

lindex php 

Iw ebmai! hIm 

Inew slindex php 

lacademics/index php 

Iw ebnew sIs how article php 

Ifaculties/index php 

Ivacancies/main. him 

/abouUindex php ., 

Ivacancies/top him ., 

Ivacancies/index him ~ 
---

o 5000 10000 15000 20000 

Fig ure 5.5- 1: The to p-ten frequently req uesIl'd pH ges du rin g May. 

25000 30000 35000 40000 

• Hits 
~~~ 

Figure 5.5-1 sho" s the top ten most requested pages during the month ,,!" May 2007. As it is 

shown the most requested page is the ( . :ldv :': . pnp page foll( lIIeu by . d-=bma il . htm page 

and the /n ews/inc1ex . php is the thi rd tor rage. 

This is a reflection 0 I' that the / inde:·~ . ohJ- page is mosl poplar by most users in all the three 

months. In fact , th is shows that most \ isitors enter into the site directly b) typing the Web site 

address as it is shO\\I1 in the followin g sec tions (5. 5. 1.3 & 5. 5. 1 ,\). 

5.5.1.3. Most Visited Directories 

As Table 5.5-2 shows, the root directory " / " is the most accessed di rectory where the 

/index . php is located. Most users al,o show interest on the content , under the /\,"-dl1c'ic',/ 

directory. It is also possible to say that fa "u l c i "' 5 1 te e 'il is the third popular directo ry~ 

The other directories are also having al l1lost similar popularity in the three months. 

I 
I 
) 



-----
.January August 

Rank Direclory Name Hits [)i rect \ 11) Name Hi,; 
-r.-; - - -

Uirccto r~ Name Hi ls 

I I 75% 

t----- -
, I 60% 

--
6 1°1 - -

2 !vacanciesl 
6% 

3 Ifacu ll ic, llechl 
3% 

I /\ acatll'ic ~1 9% +---
, I :-.t ratcgicplann ingl 

5% 

cil:s/ 10°f) 

1...' \\ sl 6°, 

\ aean 

\\ebn 

4 Ifac ult iesll illgui sli csl 
3% 

5 Iwebnc\\ ,I 3% 
6 lacadelll icsi 2% 

7 I I ibraric,1 2% 
8 Ifacu ll ic, 1 2% 

fcj- Iresearc h/iesl 2% 
10 ladmi nistrat ion! 

2% 

I i'" cllilics/icchl 
4% 4-

I lacademicsl 
4% 1----

1 Itl~", sl 4% 

lin -t 1I"a rt e:',1 4% 
-+ .\\ ebne\\ .... 1 

~-, - I - I 
4% 

lac ll It ~S 3% 
I I d . - - I ' I a mttltSlrat ton 3% 

ic .... / -J' , 
ies/lcc hl -, 

. , I) 

- - -
III icsl -. .) , 0 

-, 
.J (l 

ies/coc/ -, 
. ' / f) 

ies/ 
3° 0 

ies/I ingu istics/ -, -, , 

librar 

1:1CU It 

-Tab le 5.,,-2: Percent age of th e most frequent I: ilC(' l:SS direc tOries 111 the three month s. 

In the three months_ the most accessed directory is the root directlll"). In Illel. this may not be 

surprising as man) of the users visi ted the ; i ndex . php page 111an) folds times than other 

pages. E,en if it is to far fro111 the / i : Ie >:. php page acces; J'req ue 11I.:y. the Ivacancies/ 

directory have got many visitors. 

5.5.1.4. Most Frequent Entry and Exit Page 

Entry pages are pages that the Web Sil,· usc rs visited lirst as he! she el tl ers to the Web site 

where as the exit pilge is the last pag,· the user visited during hi s/her session. Figure 5.5 -2 

illustrates the main entry and ex it page Il lr the January log data_ ISee Ihe Appendices C and D 

for the olhe r two 1110nths output). 
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1 : ~ .{ij /about/inde x.php .. ~ /vac anCles /main htm 
1% 

98 hom parent. (O.54%) 141 10Vuqet IOi8"~ 1 

.ru /faculties/index_php .-tiI labout/index php 1%: 
99 hom POIent. (0.55%) 15210 larget 1084:%.) 

,. .~ lacademics/index.php .{if lacademics /index.php 
1% 

11 2 hom parent. (0. 62%) 215 10 target 11 19%) 

, ' ; .{iJ Iwebnews/index.php 
• .~ Ifac ulties/index.php 

.!% 
206 fr om parent. (1.14%) 283 to lorget 11 5r~1 

.{iJ lindex_php 
• .m lindex .php 

9628 from parent. (53.344
: I 6Bl ro lalge\ [34 iO\1 

1 (s ite entry) 1- -I (s ite e xit) I 
3\ 

.{iJ Iwebmail. him .~ Iwebmall. htm 
8% 

621 from parent. (3.44%) • 142210 tal get l7 S8~.) 

.{iJ Iwebnews/showarlic le php .~ Iwebn e ws/mdex.php 
117 from parent. (0.65%1 • 1% 

242 10 t.~rget 1.1 34%) 

.,f£] Ifacullie s /lech/civildept him .~ Iregistrar/admiss io n.php 
11 2 from parent. (0.62%) • 152 to l-:ifge' [084%1 

{iJ Ifacultiet/tc/biology /blopubmai .{if Icontacts.php 
99 110m parent. (0.55%) 1.% 

1 4~:Ic.target [08..:'<:1 

.. ,,; .{iJ Ifacultie sllinguistics/wot;dl.htm • .(if I ne w:s/index.php 1.% 
97 from parent. (0.54.%) • 131 to largel [073\. ' 

(3) (b) 

Figure 5.5-2: The CO III ilion entry and exit pa gl' illu stratio n fro m the log da ta of,IClIIUar) . 

For the month of Jan uary, 2007. as it i, sholln in the Figure: :'.5-2 <1. 5300 of the visitors ha ve 

entered into the We:b site directly th rough Ihe / j noe..., .prp pagc. Tim is also same as the 

May visitors whereas 52% of AugusC s \ is itllrs also entered «> Ihl' , il e \ ia Ihe home page. 

Figure 5. 5-2b al so shows that 34% of Ihe users have len the We: h sit l' from the home page fo r 

the month of Januar\ . Similarl y, 35% llr the: \!Ia\ and 2<)% o r the: ,\ugust \ isitors left the Web 

site from the homc page. 



5.5.1.5. Users' Visiting Time 

Visiting hy Days of the Week 

--------------------------------, 
Hits per day of Week 

25.00% T 
20.00% I 

I , 
I 

15.00% I 
I 

1000% 
I 

I ii! 
5.00% 

I 

, .... I.:.L.,.-lil-L, -'" "'OI:,,J,;,,, 
0.00% - -

Sunday Monday Tuesday Wednesday Thursday Friday 

Days of the Week L-__________________ __ 

Figure 5.5-3: Num ber of visitors per days of II \\cd. fo r Ja nll a r~, May, and August. 

Visiting by Time of the Day 

6.00% 

7.00% 

6.00% 

5.00% 

4.00% 

3.00% 

2.00% 

1.00% 

0.00% 

~ January 

o May 
IlD August 

Saturday 

• August 

o May 

!>I January 

-----------------------------~ 
Figure 5.5--': Numbrr ofvisito l's per tim e of (I d:l~ fo r t li t' th ree Illon t h ~ . 

As it is "",II depicted in the above fig ure,_ hi ,"hest number 01 ' I'i s itors hal'e been recorded on 

Tuesday_ Wednesd ,t\ . and Thursday; and hi t' he r number of user a lso reeordl,d on Frida) and 

65 

I 
I 

J 



Saturday relative to Sunday and Mond ~l\ . From wee k days (working da ys ). least number of 

users has been recorded on Monday. 

The time is shown in full time label with 12-hours fo rmat. The log entri es were recorded based 

on a -3:00 time zo ne; hence it has he'en mod itied into + :U)O lime LO ne for thi s graph as 

Ethiopia is located in +3:00. In additi on . when we mean 9:00AM . it represents the 60 minutes 

from 9:00 to 9:59AM. 

Regardin g the use rs ' distribution pe r ho urs or a da). hi ghesl Ilumber of users has been 

recorded from 10:OOAM to I 1:00AM in the morn ing and from 2:00PM to 4:00PM in the 

afternoon . The second higher number (II' \i sitors has been rcco rded 9:00A M in the morning 

and 1 :OOPM and 5:00PM in the afterno(ln. 

5,5,1,6, Common Errors Encountered 

While people try to ex plore the Web reso urces the v may come ac ross e rror pages, The top 

errors ha\ 'e been registered for the I s , 1 r c 1/ directory in a ll Ihe three months log data . The 

/ sea [en / direc tory error shares 22.3X%. 10 .77%. and 14 .33% or the lotal failed requested 

recorded in the monl h of January, Ma). ' Ind ,\ugust. respect ivch·. 

This could be an indication that the stak e! d irec tory has no un) page 10 access or there may be 

some kind of naming error. 

Month Directory Enor Occurrences Percentaoc 
-

Isearchl 778 22.38% 
-

Januar\ lapplyonline/reginfoltextstyle 5-17 15.73% 

Itextstyle 186 5.35% 

Isearch/ 609 10.77% _. 
May lapplyonlinelregin fo/tex tstyle .-

-148 7,92% 

Ifacu/tieS/sclindex htm ~U2 7,64% 

Isearchl 627 14.330/0 
- ---------

August lapplyonlinelreginfoltextstyle 504 11.52% 
-

Itextstyle 189 4.32% 
Table 5.5-3: Directo ncliri with common error ... l' ll countercd. 
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5.5.2. Mining for Association Rules 

The assoc iation mining experiment has heen conducted using WFKi\ \ ersion 3-4-11 . with the 

Apriori algorithm Il'I' assoc iation rul e gc'ncratio n, 

The ARFF file for mat that has been prc pared during the preprocessing phase has been used fo r 

the experi ment. Thcn. the experimen t has been conducted ror each or the three months data 

separate l) . 

Apriori "orks wit h categorical va lues ,"dy a nd that is the reason. anlo ng others, why I and 0 

are used in this ex per iment. 

In the derault parameter setting, the e\periment result may sho" the rollowing line together 

with other run inforlll ation: 4 

"weku.associalions.Apriori -N 10 - I' II -( ' II. <) -D 11, 05 -U II! - If ()! -s -1 0 

And some of the parameters are the folll l\v ing: 

• numRu!l',1 (N) : N umber of rilles to lind. 

• melricT\jJe (T 0): Set the t\ pe o r metric by which to ra nk rule s. Cunfidence is the 

proport ion of the examples cowred by the premi sc' that arc also covered by the 

consequence. 

Lift is confidence di vided b\ the proporti on o f al l e\amples that are covered by the 

conseq ue nce, Thi s is a mc'asure oj' the importance oj' the assoc iation that is 

independt'n t of support. 

4 Source: WEKA's COll i l'xt help for Apriori al ~(lr ith nl 
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• minMe'ric (C): Minimum IllL'tri c , core. Consider onl \ rules lI'ith scores higher than 

this value. 

• dellCi (D) : Iterat ively deer,·",c , upport by thi s 1 ~let or. Reduces support until Illin 

support is reached or requirL'd nUlllber of rul es has been generated. 

• upperBlJIlI7dMinSuppori (l l t: Upper bound for lllin il11ullI support. Stalt iteratively 

decreasing minilllum support 1'1'0111 thi s val ue. 

• lowerBollndMinSuppori (M ): LOlle r hllllllci fo r minil11ulll support. 

From al l unique UR I_s, herein ca lled itel11s, on ly 1\;,\ ofthelll hu\e been selected as they fulfi ll 

the minimum support threshold of ~" .. Ollt of the total transactions. The rest have been 

excluded during preparing the ARFF 1(1I"Inat da taset lu I' e ither pI' the 1()lloIVi ng reasons: 

• if transaction might have contained <lnly one URL. then such transact ions are rejected 

as a singleton transaction are considered uninteresting il,r association rule mining; 

OR 

• the transaction might have cont 'li ncci UR l.s that coulcinot fullill the minimum SUppOit 

threshold , i.c. they could not bei ng among the large itcillsets. 

Moreover, it is di llicult for readabilit: to use the I IRLs for co lul11n n.II11 ':; hence they have 

been labeled as URI. L URL2 .... URLn . II here 11 is the number "I' se lected I IRLs. 
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5.5.2.1 . Association Rules fo r January Dataset 

For the January, 1007, AAU Web :Ieee" log dat~ . 223 14 user sessions (i.e, distinct 

Transactions) han ' been identified and 0 1' which 2423 sess ioll s hal c been used in the 

associati on mining experiment. 

From 1 4 ~ 9 unique lJ RLs, 18 items hal l' been selected as the) rulli ll the minimum support 

threshold of 3% out of the total transal'l io lh and the folio" in!,! arc the labels for the selected 

URLs: 

URLJ = lI'ebmail.llf lll 

URL2 = academiL'.\ il1dex,php 

URL3 = f acullies 'indexphp 

URL4 = vacanci!!.\' lIIail1.hl111 

URL5 = I'acanci!!.\' index,I1Im 

URL6 = aboU// imlex, php 

VRL7 = !'acancic,' lop,hlm 

URL8 = adminisllw ion/indexphp 

URL9 = !'acanci!!.' .\'pecializaliol1.hll1l 

VII r l ll = Iwehnell'.\' siw lI 'orl icle,php 

U I? Li l = lliiJl'lIl' ie., indl!.\'. ill III 

UN Li :3 = iindex./!iI/! 

UN U 3 = Ine ll '.\' in""xp/I/' 

V I? Li ~ = laalllihph/! 

V I? Ll 5 - liel il1"<'x."II" 

VI? U (i = lappl) lin lint' i"d<'x.pilp 

(JNU- = l'eJ!,i.\'ll'ill' wlllll"'illl1.php 

V I? U 8 = lal/ll !) lIi i!)"nplll' 

After feed ing the da la and ru nning ~ I, Ki\ I\' ith the defau lt pa ral11ctcr sL,tting. the following 

run in formation has heen gained: 
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=== Run Information (Edited and Formatted) === 

Scheme: 
Relation: 

weka .associations.Apnorr -N 10 -T 0 -C 0 9 -D 0 05 -U 1 0 -M 0. 1 -S -1 .0 
AAUWebLogJanuary2007 

Instances: 2423 
Attributes: 18 

Minimum support: 0.4 (969 instances) 
Minimum metric <confidence>: 0.9 
Number of cycles performed: 12 
Size of set of large item sets L(1) : 5 
Size of set of large item sets L(2): 4 
Size of set of large itemsets L(3) : 1 

Best ru les found . 

l. URL4 =1 ,<L5= 1 102 4 ==> 
2 . URL 5=1 .'.L 7= 1 1027 ==> 
3 . URL 7=1 145 ==> URL4 =1 
4 . URL4 =1 '''L 7= 1 103 4 ==> 
5 . URL7 =1 ) 45 == > URL5=1 
6 . URL7=1 145 == > URL4 =1 
7 . URL3=1 179 ==> URL2= 1 
8 , URL4 =1 '66 == > URL7= 1 
9 . URL5=1 59 ==> URL 7=1 

10 . URL5=1 59 ==> URL4 =1 

"" 
' i 
L 

L 

, , 

" 

1 ll, r 1 
p ' ee , , 

ee I , , 
I 1 0 C( ,J , , 

ce- 1 , 
1" ee, 1 , 

'ont : 

'onf : ~ 
, 

or. t : { 

or . .t : { 

Figure 5.5-5: Run informat ion for January lo:.! reco rds assot'iatioll ruk, gene ration (r' run) 

Interpreting the ru les: 

• \OO%ofthcuserswho requesll'd I" ,caIJcias/mai; . htm alld 

/'acan c i "'5/ index , h tm a i,,, req uesled Iva c a 'le : ,' .... : '. 'J . h t m. 

• 9()% of the users who requested v.:: an .:i ", 5 / i nde': . ~ em alld 

/-Iacan c i "5 / top , h tm al so requl'sled Iv,] ca n c i c':::, ma i ,': , J t m. 

• 99%of thc users who requested Va 'anL' i tSlto[.' , <.~m al slIrequesled 

/ Jacanc ~r>s/main , h tm, 

• 99% of the users who requested va 'aneie sllna i n , ,'!1l alld 

/'lacan c i2s /top . htm a\ s"rcqllcs ted /vac ar.:: ."s In i ,- : . . htm. 

• 9R% of the users who req uested va ·.JIl, 'i",sl [0[. . . : il' al so req uesled 

/"acan c!<C's/index . htm. 
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• 9H% of the users who requested va 'dn c i e s l top . :; ~m also requested 

/Jacan c ics/mai n . htm. 

• 97% of the users who requested f a ' til t i e s/ inde .. . pilp al so requested 

/a cadem L 's/ index . php. 

• 97% of the users who requested va ·<.Jn c i e s l ma in . htm a lso req uested 

/vacan c ies/ t op . h t m. 

• 97% of the users who requested va :an L' i E' s/ i nde.· . il t m al so requested 

/vacan c ies/ top . htm . 

• 97% of the users who requested va 'an c i e s / ind e.·' . h tm al so requested 

/vacanci2 s /main ,htm . 

As it shown above. items under the / '; .ca. Ci 2S1 director) dom i nal~ the best rul e output. 

But, the association among these itenh nw) not be of in ter~s t lor the one who look for 

associatio n between/among items in di lTerL' nt di rectories. Th is means not that the rul e is 

complete ly uninteresting because it sh (l \\ s. ,I t least. that the p"ges ill thi s d irectory have been 

visited together much more times than p"ges in othe r directo ries. 

The writer assumed that it is also inter,'sting and useful to kno\\ the a,sl)ciati on among items 

in different directories. To get the most inte resting ru les. the algori thm has been run again with 

a modifi cation i. e. th ree of the items under the /'va ca n ci e~' directory has been exc luded 

except /vacan c ies/inde x . htm Ir" m the second ex periment. lIowever. only five best 

rules hav" been generated ; hence the e\perilllent has been run lilr the third time by setting the 

minim ulll support threshold to 0.05 to ~ct the numb" r o f ru les close r tll the expected number 

of rules i.e. 10. 
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With the third rUIl . the below output has hcell !lcllL' ra tcd: 

~ -.~-- ~~-. ------, 
=== Run information (Edited and Formatted)=== 

Scheme: weka.associations.Apriori -N 10 ·T 0 -C 0.9 -0 0.05 -U 1.0 -M 0.05 -S -1.0 
Relation ' AAUWebLogJanuary2007 - weka. filters . unsupervised .attrlbute Remove-R4.7,9 
Instances: 2423 
Attributes: 15 

Apriori 
======= 
Minimum support 005 (121 instances) 
Minimum metric <confidence> : 0.9 
Number of cycles performed: 19 

Generated sets of large itemsets: 
Size of set of large Item sets L(1): 14 
Size of set of large Item sets L(2) 66 
Size of set of large item sets L(3) 24 
Size of set of large Itemsets L(4): 3 

Best rules found: 

1. URL l~l URL· URL8~ 1 191 ~ 

2 . URI l~ l URL ' 1 235 ~~ > URL 
3 . UFI l~l URL I 232 ==> URl 
4 . URLl~ l URL 276 ==> URL2 
5 . URI l~ l URL· URL12~ 1 145 
6 . URLJ~ l URL, URL14 ~ l 129 
7 . URI l ~ l URL · 407 ==> <JRL2 
8 . URL,~l URL 287 ==> URL2 
9 . URL;~ l URL 1 282 ==> URI 
10 lIH '~ 1 107 . 0> URL2~ 1 10 4 

'1 • 1 1 f< .:j cc j ' . .... ' . 

l n : (( .. 
e n ' : ((' . ~, 

(. in : ((;. ". 
: : 2 l 

, 6 

0< . f : (n . 
OC' f : (0 . ' 
(' n' : (C .. 

.. ,n· : (r . . 

Figure 5.5-6: Run in formation for Januar~ lo~ 're('n l:-lj';;":;;C-r;~,!;, gt'~i~~ (J n d run) 

Interpreting the ru les: 

• 9X% of the users who req uested fa ·,11 j- i2S1 ind2 . . p.'lp. 

labout l i dex ,php and I ., '~1: i st .::a : i on/ i r i.'.· . p 'C[ also requested 

11 cadem l ·slindex . php. 

• n% of the users who requested fa ' ,11 { ies/ inde. • • 1'_ 'liP and aaulib .php 

also requested lacadem i cs , .d, . . p " p . 

• 9X% of the users who requested fc, il t ic"'s; inci2 . r,11p and 

I "egist L d cladmission. · lp ,d"l requested /a,· ;/r/'::.'!!1 L ...:.' . index . php. 

• 9X% of the users who requested r -111'~i .~ s ' i n .-ic ' . "hi' and 

l:racan c ;2slindex,htm,d,,, req uested l a ,-adeN .'.'/" ""··: . php . 
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• 9X% of the users who requested fd 'ul t ies / ind e .· . pj,p . 

/about/ i.l d ex . htm, and in ic x . php a lso rL'ques ted 

/ a eadem i c s /index . php. 

• 98% of the users who requested f a ' CJ l Li e S / inde . . p hp , 

/about / i:l d ex . php, and I. lU " i b . p hp a lso requ,,, ted 

/ a ea dem i c s/index . php . 

• 98% of the users who requested lacu lties , i n dex . ~hl ' /abodL /index . php 

a lso request"d / a eadem i es / id c· . . p np. 

• 97% of the users who requested f a 'u l " i e s / ind e : . c>hp and 

/acimini s [ra tion / i ndex . . hp :11 50 requested I a c'ademi ~s/ index . php . 

• 97% of the users who requested f a 'u l L i e' s / inde ' . php and / index . php also 

requested Idcademies/ind .. . J- 'Jp. 

• 97% of the users who requested fa 'u l t if's/ inCle .· . pnp also requested 

/deadem i.~s/index . php. 

From the given ril les, the last rul e s,'e lll s less imerestin g. In th e la st rule, the algo rithm 

associates the items IGund necessaril y (l IlC a lk r the o ther in th e i\A l l 'Nch site 's link structure 

I. e. , one must lirst go to the a eldemies / inde: .. rIJp t" get the link to 

/faeul t ies/i ncie x . php. Therefo re . \\ C Illa\ Cl1 nciude that their assoc iat ion may not be 

interesting. But, for instance, if we cons ider the last rul e alone. it pre\'cms us from reaching 

that conclusion hecause the rule tL· ll s us that 3% or the transnct ions that contain 

" /fa eu J ti es / i .,dex . php" do n(lt c"main " la eadr>fl!i".~/i·JciC'x . php". In other 

words. 32 use rs without 

" /a e adC'mies/ index .php". This i, an indication that either there Ill a\' be some direct link 

to " /fa c ul ties ,' i ndex . php" or IN' rs " 'c re able to reaeh thi s page li'olll search engines. 

5.5.2.2. Association Rules for May Dataset 

For the I'vlay, 2007 . .'\AU Web access I(,:,! lhita. 23 03 7 lI ser ses, illns (i .e. di stinct Transactions) 

have been identified and of which 2 1 (,l sL',s ions have becn lIsed in thL' association mining 

experime nt. 
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From 22~6 unique IJRLs, 18 items ha\ c IX'cn selected as thc~ fulli ll the minimum support 

threshold of 3%, out of the tota l transact ion, and the fol lo\\ ing arc the la be ls for the selected 

URLs. 

URLI Iwebmail.illm IIRUO "{lclI/lcies index. hIm 

URL2 Inew.\! i/7(lcx. php IIRf.1I mllllini.\/ w/ ionl indexphp 

URLJ lacademic\·/index.php IIRLl2 "uc{lncies .\pecializal ion. him 

URL4 Iwebnell '\' showarlicle.php URLl3 0l'pl\ '( 1111 i neli ndex.php 

URL5 Ilacullies indexphp URLI-I il/( ll!x.f!hf! 

URL6 Ivacancin main. him llRLl5 (/«((Ii h. f!ilf! 

URL7 Ilacullin sc/index. hlm IIRLl6 ,rehl1nrs shol\lbgslOlY. php 

URL8 laboull imla.php URLl 7 ie/ indexphp 

URL9 Ivacancies lap. him llRLl8 J'egis/J'aJ' {ldmissionphp 

After feeding the cla ta and running WI ." ·\ \\ it h thc defau lt paramcte r sctting, the following run 

information has been gained: 

=== I' un in f c:' -3 tion (Edited 

Scheme: 
Relation: 

weka.assoclations.Apriori -N 10 -T 0 -C 0.9 -0 0. 05 -U 1 0 -M 0 1 -S -1 .0 
AAUWebLogMay2007 

Instances: 21 61 
Attributes: 18 

Minimum support 0.35 (756 instances) 
Min imum metric <confidence>: 0.9 
Number of cycles performed: 13 
Size of set of large itemsets L(1): 5 
Size of set of la rge itemsets L(2): 4 
Size of set of la rge itemsets L(3) 1 

Best rules : nd : 
1 . . RL6~1 t c 10 ~ 1 803 ~~> I 

2 . . RL9~1 t·", 10~1 805 ~~> I 
3 . . RL6~1 t· 9~ 1 810 ~~> Uf< 
4 . ' RL 5 ~ 1 

5 , RL10~1 

6 . . RL1O~1 

7 . RL9~ 1 

8 . ' RL9~1 
9 . RL10~1 

10 . RL 6~1 

(J ~ 

E , 
f . 

~~ > URL3~1 9r 
. q ~~> URL9~1 ' 
9 ~~> URL6~1 I· 
~~ > URL6~1 8 _ 
~~> URL10~1 c 

9 ~~> URL6~1 l 
~~> URL9~1 8 -

9 c )nf : I 

9 -. C :Jnf: 
'9 . cnnf : 
·OJ. O. '1 7) 
' 0:- O. 06) 
'or ) . 16 ) 
n! : ( . ~ ~) 
-~. : ) . '5 ) 
9 ('_,n[ : , 
n: : ( . ~ . ) 

Figure 5.5-7: Run information for May log n 'ronh asso('ia ti on ru les generat ion ( 1 ,1 I'll 11) 
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Interpreting the ru Ics: 

• 9<)% of the u,e rs who requested Va 'anc i c's;ma in . h:m and 

Ivacan ci",slindex . htm ,,1,0 r~qucsted Iva caJ.C':!aSI top . htm . 

• 99% of the users who req uested Va ·an l'i02s/ta~ . ;tm and 

Ivacanci 02s1 index. h tm ,,1,0 r~quested Iva ca lei as Ima in . h tm . 

• 91(% of the users who requested va 'anc i es/ma i n , ntm and 

Iva can c i ",s l tap. h tm also reqll~sted I va c a n.:: ' ,os / i :lei",',; . h tm . 

• 97% of the use rs who req uested 'ac Ilt,ias/~nde:, . php al so requested 

I a cadem i ,:s l index . php . 

• 96% of the users who requested va 'anc' i 02s/ inca, . ntm also requested 

I'.!acanc i~,s ltap . h tm . 

• 96% of the lI sers who req uested va 'anl'i,c>s; iIlda ' , ," tr, "I , ,, 

requested n'-lcancieslmai: ' 1l," , 

• 95% of the lIsers who requested va·.1 Ill' i c'S/ tap . , ''1 also rl'qucsted 

I'.racanc~ eslmain . htm. 

• 95% of the users who requested va 'aIlc' i es; tap. rtm also req uested 

Ivacanc ias l index . htm . 

• 95% of the users who requested va 'an~'ic's/m a 1 11 . ,) tm also r~q ues ted 

IJacanci2slindex . htmand ,'aca l1 ('ieslto." , i,tm . 

• 9~% of the users who requested va 'a n c i 2S1 ma i ,'1 , n [m also requested 

I·,racan ci ,"sltap . htm, 
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The dominance llr pages under till' ·'v, . canci a s l direcillry st ill persists. Thus. the 

experiment has been done one more li me b) e~c ludi ng those pages except the I index . htm 

page, and provides Ihe fo llowing resul t. 

=-- Run information (Edited and Formatted) === 

Scheme: 
Relation : 
Instances : 

weka.associations.Apriori -N 10 -T 0 -C 0.9 -D 0.05 -U 1.0 -M 0.1 -S -1.0 
AAUWebLogMay2007 -weka. filters . unsupervised. attribute Remove-R6, 9,12 
2161 

Attributes : 15 

Minimum support: 0.1 (216 instances) 
Minimum metric <confidence>: 0.9 
Number of cycles performed : 18 
Size of set of large item sets L( 1) 13 
Size of set of large item sets L(2): 16 
Size of set of large itemsets L(3): 4 

Best r u e s fou r .. 
l. URL' ~ l URL- 259 ==> URL 3· '0: f : 10 . . , 
2 . URL ~ l URLt 311 ==> URL3 ;01 f : 10 . 
3 . URL ~ l 929 > URL3~ 1 900 ., : ( . 9 ) 

4 . URL ~ l URL , , 1 245 ==> URL ' c nf : (0 . , 
5 . URL'~ l URL l 1 233 == > URL ' c nf : (0 . ) , 
6 . UR L ~ l URL - 276 ==> URL 5" 'O~ f : (0 . 'i 

Figure 55-8: Run information for May log ITl'o nj... <-I ssoriation rules ge llC'na tion (:! I'lt run) 

Interpreting the niles : 

• 9X% o f the users who requested fa -u1 ( i e' s / in da.· . i.np and 

/facu1t ies/sc/index . h· !1 al so requested /a ca,-jemics i :1dex .php . 

• 97% of the users who req uested fa 'el l t i e s ; inda . . p,~p and 

/ abou t / i: ;dex . php also reqLlested I aca.:Jemi c s, i :1,1e:': . ['hp . 

• 97% of the users who requested fa ' Il l t i e s l inde:: . rhp a lso requested 

/ d cadem i "sl inde.'( . php. 

• 97% of the users who requested fa ' u1 L i e' s l inae: . i'hp and 

la dmini s :ration/inde: .. ,)hl a lso req uested /a -;.-;em~ -_'/index . php . 

• 96%ofthc userswho requested fa ·' Il t i e' s / .incie:·· . ,ilp and /index. php 

also requested /academics / 'd,,: . p np. 

76 

J 



• 9~% of the users who requested .3,' . dem i , 's / inci2: . / hp and 

/ facult ~cos/sc/index . J; ' 'I ai 'll requested /f ,lC"i~· ie, :ndex . p hp, 

In the second ru n I () best rules were eXI'cctl'd: howe ver. o nl \' iJ rules hal c been generated, A ll 

the rul es cxcept I .. ' and 6 sou nd interc 'l ing , Rule 3 has been gene rat ed in this month data a lso 

w ith s imilar confidcnce like that of th e t'rc\'i"us momh, Thi s ru le can be cons idered inte resting 

for the argument stated in the previ olh scction. Similarl y, ru le- I and (, cou ld be taken as 

interesting rules and , fo r instance, rul e I could be regarded as '111 intc1'<-"ting rule as it indicates 

that whoever requ ested the /facili t 25 i nd2x ,php also requestcd the science lacu lty's 

page eve n if there arc other faculty's li nks lll lLkr the fa cu l t i es/ j na"C{ . php page , 

5.5.2 .3. Association Rules for August Dataset 

For the A ugust , 2007. AAU Web aeCl"S log data, !'rom I X6.j (l USCI' sess io ns, 3348 sess ions 

have been used in th c association mini n ~ experiment. 

From 20R9 unique I ' RLs, 14 of them h,i\'c hee n se1ccll'd and the 1<>11,,\\ing are the label s for 

the selected URLs: 

URLI = /webllluil.hlm 

UR L:: = /acad~lIIic;/index, php 

URLJ = Ijacult in/ index,php 

URL-I = /new,\ illdexphp 

URL5 = /vacancie,l/ main.htl11 

U R L () =/s trot eg i< 1,1 (/Iln i nglv ielVco))J Ii I< ' //1 ', I 1/1/ I 

URL - = ljacultit' l/ sC/index, him 
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After feeding the data and running WI KA wi th the default \ allies oj' the Apriori algorithm, 

on ly the li rst two rliles, of the followi ng <l ut l'lIl. lIerc ge nerated . 

=-- Run information (Edited and Formatted) === 

Scheme: 
Relation : 

weka.associations.Apriori -N 10 -T 0 -C 0.9 -D 0. 05 -U 1 0 -M 0.1 -S -1.0 
AAUWebLogAugust2007 

Instances: 3348 
Attributes : 14 

Minimum support 0 1 (335 instances) 
Minimum metric <confidence> : 0.9 
Number of cycles performed: 18 
Size of set of large itemsets L( 1): 12 
Size of set of large item sets L(2): 6 

Best r l Ies f o ~~ '] : 

1 . UR .• 3-1 15' - -> URL2-1 14 
2 . URw8-1 8 7· --> URL 5- 1 83 3 

,:>r:' : J . ~ 6 ) 

, f : 1) . -15 

Figure 5.5-9: Run inrormation for August log !"c(.' ortis association rules gl'ncration (I'I run) 

Interp.-eting the rules: 

• 96% of the users who req uested fa ' ul' i e 5 / i nci2 . . j"11' "I", reqllested 

/ academ i ,'5/ index . php . 

• 95%ofthe ll serswhorequested va 'a n c i e 5 / 5peC?diia73"i on , htm a lso 

requested Ivacancies/ma " . h'm . 

To get more options in order to se lec t the inte resting rul es. the second ru n has been done by 

setting the minimum support metric to tl .OS I reduced from IO'l'" to 5%). and then the fo ll owing 

run information has been gained: 
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=== Run information (Ed ited and Formatted) === 

Scheme: weka.associations.Apriori -N 10 -T 0 -C 0.9 -0 0.05 -U 1 0 -M 0 05 -S -1.0 Relation: AAUWebLogAugust2007 
Instances: 3348 
Attributes: 14 

Minimum support 0.05 (167 instances) 
Minimum metric <confidence>: 0.9 
Number of cycles performed: 19 
Size of set of large item sets L(1): 12 
Size of set of large item sets L(2): 27 
Size of set of large itemsets L(3): 10 
Size of set of la rge itemsets L(4): 1 

Best r ules nd : 

1. . RL3~1 t :' 14~1 20 0 ==> I 
2 . RL3~1 I .9~ 1 210 ==> Ur 
3 . RL3~1 L- 5~ 1 URL8~1 20 : 
4 . . ' RL3~1 I' ~ 5~1 264 ==> 01· 
5 . "RL3~1 I 13~1 276 == > r 

6 . RL3~1 l" 10~1 236 ==> l 
7 . ' RL3~1 (1:' 12~1 246 ==> l 
8 . RL3~1 j '0 ==> URL2~ 1 
9 . RL3~1 r~ 9~1 332 ==> Uf< 

10 . ' RL3~1 I " B~l 210 ==> UF 

9t " : , , 
7 : , 

:{L. ·1 19< - : 
8 

"6r c)nf : I 

2, C Jnf : I 
3t c:~m f: 

,.::c :!f : " 

8 ,.::cn f : 'J . " 1 ..:::c:tf : J . " 
Figure 5.5· 10: Run information for August I fI!!~)I· ds assol'iation rllle~ gC il (' nlt itl ll( 2"d run) 

Interpreting the ru les: 

• 99'10 of the users who requested . a (' J 1 U eO' / i nd,':,: . ('tp and , aa u1 ib . php al so 
requested /a ,.'3demics/inde . on:' . 

• 99% of the users w ho requested . a c .1 ti eS I inde:·; . i- :]P and 

/vdcanci es/specia1izat n . 'Itm al sorequeslcd 

/a c ademi cslindex .php . 

• 99'\-0 of the users w ho requested 

Iva canci es ma in. h tm Iva c , 'le . e sl sp,;c ia 1 i z, I. ~ on . ", Lm also requested 
/aca demi cs/index.php . 

• 98% of the users w ho requested 3...::' i..L ti2slinde-: . i ...... hp and 

Ivacanci es ma in.htm also r,"l uested /acc1 demi , 'O' 1."Ide.' , p hp . 

• 97% of the users w ho requested 

/registrar/admission.p- . abo req uested /a 'a '''.llie.,· .' 'ldex .php. 
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• 97% of the USl'I'S who requested ' 3 C ; 1 ti 2S / i nd e': . php and 

/a ciminis tra tion/index. ; 'IP also rcquestcd /",'ademi -"/i ndex . php . 

• 97% of the use rs who requested :.3 C' Ii t i 2S / i nd e', . pt1P and .' i ndex . p hp al so 

req uested / aca demics/inde: . ph" . 

• 96% of the users who requested : ac:1i t ies/ind e:, . php a lso requested 

/a c ademi cs/index.php . 

• 96% ofthe users who req uested /tacul t i2s /in d e,'( . php and 

/abou t/i ndex .php also req uested / a cademicsh!1CieX . php . 

• 96% of the use rs who requested / ; .3cui t i 2S/ i nde:, . php and 

/vacancies/ speciaiiza t .i .In . .'1 tm also requested /vacan c i es/main. htm . 

[n the August data, all the rules appear interestin g, The dominance or the associati on ru les 

among the pages in the /vacanci e, di rec tory has no morL' nbsen-ed, Rather, they have 

appeared in the assllc iation rul es with othe r pages, The last rule is also unex pected because the 

assumptio n was that one needs to go t() the academIcs/ ,i:xie,·: .p'1p page in order to get 

the /facui ties i ndex . php page. But. the ru le d ispro\'Cd this assumption because the 

/facu ities/inciex.php page appeared in the associat ioll ruk \lith other pages in the 

absence o rthe /a cademics/ inde:,:. :)hp page, 

In general . the most interesti ng fi nding ", far is that the majori ty o r the i\ /\U Web site visitors 

did not leave the Web site with out visiting the /academi cs/ i nde:,: . php page. 
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Chapter Six 

Conclusions and Recommendations 

6.1. Conclusions 

Based on the course o f actions done in the prL'\ 'ious chapters, the 1'0 11 0\,\ ing conc lusions have 

been reac hed , 

• The number or users showed a deLTcJ11l' nt in August. This mu)' be due to various reasons, 

for example lack of sati sfaction on the \\ 'eb con tent or an\ other reasons, In addition, the 

failed requests also increased in ~ lay and August. Specially. highest fili lcd requests we re 

recorded in May, Thi s might be h'l\ ing a relationsh ip \'\ ith dec rel1lent or users in August. 

• The stati stical report shows that. i'rl llll the week days and \\ 'eekends. lI1inimum number of 

use rs has becn recorded on Monday and Sunday . respecti\c1), -,\bout half of the users 

have been recorded on Tuesday. \\ cdn\'sda} . and Thursday, 

• The most requested page is the I ,dc' ' : , p hp . whieh is the home page of the Web site ; 

however, thi s page did not playa s ig ni lieant rol e on the assoc lUtion mining, Th is may be 

because oftha! more than 1/3 orl hL' use rs le li the site i'roJ11lh is pagL', Th is also indicates 

that the majority of the users fin ish th eir session after seei ng on l\ the home page, Thi s, 

in turn, sho\\ s there is something \\ rong e ither with conlL'nt "fthe page or with the Web 

site's structure, The / webma i . p :,o puge has been fo und as the second J110st 

requested page, But, thi s is not bl'cause of many people requested the page as thi s page 

has been no \\here in the associm id n mini ng. One obvious reuson Ill r this can be that the 

Web mail sen'ice is provided onl' 1'0 1' the un ive rsity' s sta ll and one or more of these 

starr members have been lI sing th L' Wl'll mai l sen'ice efkl'ti\cl ) (repeatedly), The th ird 
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1ll0,t reque,t,'d page is also /. 'w',' 1.n ie.: .php: Ih \\\<:\'<:r il has no role in the 

association min ing. The laca o IIi, .;Ij ld .'x . phI ' page h'h heen the fourth most 

requested, in lelct, it is nearly equ ,,1 to the third one. Thi , page ha, heen the major acto r 

in the association mining. 

• Needless to say someth ing abo ul th,' highest hit record 11n the root directory. "I " 

because this is the reflection of\\ hat i, staled above. lh,' 'Jil·;": .:·i es l directory go t 

the second highest hit record. I his hi!, been al so manii'csted duri ng the associating 

mining proce". So, it is possible tl\ concilidc that the IV j,.'ane]",,", directory has been 

requested b) Illany users in contra,t to I he repeated req ue,ts 111' k\\ users. 

• Marc than hall' of the AAU ortielal Web si te users enter into the si te di rectl v via the 

home page and more than 1/3 of the tOI"luse rs also len the pagl' 11'0 111 the home page. If 

we assume that no any user coille III the home page from Willent pages. then we 

conclude that about 67% of the u,,' rs \\ho entered into th,' hOl11e page have left the Web 

site without vi,it ing the other pag," . 

• The AAU Weh site users repeated" encoun tered error "'hik ath~ lllpt ing to use the search 

feature of the Web site. This is ml"t pl'llbabl y ei ther the link has no an object item or any 

ot her problem. 

• Despite the above fact , the a,,"cialion rule generati()n prl)\ ides many interesting 

associations. \ 'Iost of the rules r,'l ealed that the l a ca i,"ni<;~' .'.: .dex .php page is 

the popular Llne, which has been requested together II ith other pages. [t has a high 

probabi lity to be requested togeth ,'1 \\i th many of the other pages in lIther directories. 

J 



• The fo llowi n~ group of pages 'Ire Ihe Illost li-equenll, requesled pages (frequent 

itelll sets): 

o /a b,)u t/index .ph[. ac llii:) . j>hp , /r'a,'uitie'slin dex . p hp, 

and / a cademics/i l, :2.': . php 

o /i ndex .php,/abau· i;,.j2x . htm , /faclltieslindex . php , and 

/a cademics/ inde:·. , :)hr 

o /a bau t/inde x . php. a{/I/linistratit>n inde:·: . php , 

/faculties/ inde .pip , and lacad<o'mics/Illdex . p hp 

o /vacancies / main. · I-m r /va cd.'lc .i. es , sp2cializat i on . h tm , 

/facul ties/ inde.\ . oh~ . and /acad2m i::sl i :1c12X . php 

o /a dllli nistratian / ,d, '.: . p "p.IfacII1' ie's ';nd2x . php, and 

/ a cademics/inde:·: . :,hl. 

o /facu l ties/ sci i n, --9.': . . 1 tm , I f a cul ti,>s.' inde·: . php , and 

/a cademics / inde:·: , nh). 

o /regi strar/ admi s., a;. , php , ' f acuZ t j cs/i ildC':-: . php , and 

/a cademics / inde:·: , )hl 

o /vaca ncies / main. : 'III , Iva ,:a:lcies;' t 'p . htm , and 

/va .·a ncies/inde~.·ltp 
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It is noted that in Apriori algorithm for assoc iation min ing. ifthc sct of items is a large 

itemset, then its subsets are al so large itemscts prov ided that the subset has more than 

one member itcm. 

• In Web usage mInIng endeaHlr. partic ul arly whik doing assoc iat ion mllllllg. the 

presence of mul tiple pages in the S3m,' d irectory a ffects the rules generation, Similarly, 

hav ing on ly one entry po int for it,'ms in the subsec tions or the Web page a lso limits the 

mining a lgorith m from generat in ,; a lk rnat ive assoc iation ,i'om "hich interesting ru les 

can be generated. Thi s particul ar l, limits those who need to mine the association rul es 

acr0SS multi ple sections in a give n Weh sites. 

Th is research. in general , proves that relying on stati stical analys is alone for Web log 

data analysis is not trustworthy: rather. us ing it with data mini ng tech nology gives more 

meaningful in fo rmation about ho\\ the Web sik is being used. 

• Web mining i, relat ively a youn g di scipline and have not been yd studied in detail ed. 

Thus, modeling the Web usage m in ing approach is an important task fo r paving the way 

for ,'urther related researches. 

6.2. Recommendations 

Based on the conclusions g iven above, the ",llowing recoml11 cndati 0ns arc forwa rded: 

• Mo,t users come to the Web site' d ir,'et ly by either typing the name or from a sea rch 

engi ne that di , plays the home page. Th is cou ld be a s) mptom that ind icates the Web site 

has a kind of ·s ickness' . T he We blllustcr thereli ll'e shou ld do SO Ill,' kind ofassessillent on 

the departmenta l index pages and he , he make sure that" hether those pages co nt ai n 

keyword for index ing by search cng ine" 
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• 

• The site mai nt<.:nance is better schl'dulcd on Monday or Satu rday (l r ot her week days in 

the morning from 8:00 AM to " '00 '\M or afier/ around :i:OO PM in the afte rnoon 

because this time and days are whl' n Ic ~lst vi sitors are regi stered, 

• The office or the team in charge <If maintaining the AAI ' Web , ite should periodically 

check the site fo r any accessib il il\ problem or broken links. Such kind of problems 

eas ily so lved by introducing addi li onal reatures to the \'v'ebsite like an online form for 

users' feedback or broken link rcpurl ing fo rm as many Weh IlHlskrs do. 

• The page in thc / vacancies / dircc tmy has shown a better u'''ge pattern ; thererore, it 

is advantageous for the univc r, ity if it make use of il s site fo r such kind of 

adverti sements. 

• As the / a ca J emi cs/ i ndex, i ;p page shows highcr popularity, it is a good idea to 

creMe a direet hyperlink , to this dircc t<lry and to the items in it. from any sections or the 

Web page for the users' convenil'nel' the reby to incredse thei r sta) in the Web site and 

also to increa,,: their visiting freq ue nc \, It is al so a good pructic<.: In make some kind of 

perindic aud iting on the smooth running o f the Web site . h 'er)" ei'lllri should be made to 

make visitors cnjoy their visit and lind that the ti me spent there \\as worthwh ile, and 

such users will come back some olher li me, 

• It is al so recommended that the c,"lCCI"Il<.:d body that is in charge "f the AAU Wcb site 

design shou ld create quick links fro m ,'Ile tn the other I"l' those I'ages 111 0stl y accessed 

tog<.:ther. 

• It "auld be better if the le T of lie,' "I' the ull i\ <.: rsity prepares ,ta lluard te111plates for the 

Web pages de\'elopment by inc1 il ,du'll un it: otherwise the' Il T " ni ce better to develop 
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the Web page's centra ll y to avoi d poss ible ilKonsislencics <lnd ermrs. Moreover. uS ing 

Web content management tool. such a, Joom/,,". is recommcnckd lO racilities the Web 

site managemcnt and mitigate request IClilurcs as \\e ll. 

• The Associalion mining has been done us ing the .~ pri()ri algor ithm. which needs the log 

data to be put in transaction form. Ilut. as a i'uture resL',m:h direction . it is recommended 

that the devdnpment or an algor ilhm that can mi ne \h'b log dala fo llowing the user 

sessions with out a need to transaci ion icl enti lica ti on. 

• It would be also good ir others "<lrk on Web usage mining by incorporat ing sequential 

pattern generation to get any interc' stin t! rule abnu t common nal'it!ational sequences. 

• It is also a good practice emplo) il lg b"th data mining and stali stical lechniques for Web 

usage pattern discovery to get betic'!' inl llrmat ion how a ~ d' sitl' us be ing used. 

• To lhose who like to do some kind "i' researches in th is area. tlk' i'o llowing mode l is 

recommended . In addition, the mndel is al so reco lllmended Ifll' dL'"c!opers who li ke 10 

produce a Web usage Ill in ing syslL·m . 
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Figure 6.2-1: The recommended mockl for usage patl"'l'Il discO\",n 
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Appendices 

Appendix A: Screen-shot of WEKA "no\\ ledge Flow Diagram 1'0" Filtering Requests 
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Appendix B: Screen-shot of WEKA Kilo" ledge Flow Diagra m for Sessions Identification 
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Appendix C: Common Site Entry and Exit Pages for May 

"ill /facultiesJindex,php , .~ Icontacls _php 
L 

69 from parent (0.45%) 120 te I.~rgel (078\) 

\ ,,il ' about/index. php .~ Ivacancies/main.hlm , 
\ 79 from parent. (0.52%) 135 to t.JIg"') IIj 88};i 
." , 
" 

,EJ If aculties/linguistics /woc al. htm .{:] /faculties/index.php 

". ~ 94 from parent. (O.61%) 222 to tar9>:<r 11 4 5~';:) 

\ 
2~", 

,,:iii Iwebnews/showarticle . php ,fiI/webnews/show3rhcle. php ,. \ 
284 from parent. (1.85%J 

,-u I. \ 
314 to target 12.05' .. 1 \ 

\ 
ill lindell.php , 

81 44 from parent (53. 17%) 
·iI /index.php 

5281I.QI.~rge t 134.54;d 

,~ Iwebmail.hlm .;tiI Iwe bmail. htm 
565 from parent. (3.69%) 1207 to I,.,rgel 17 88~:;:t 

L 
. i! Inews/inde x.php , .~ /news/index. php 1', .. 

143 from parent. [0.93%) 22b to [."rget f1 48\.1 

I il Jlibrarieslindex.php .fiJ /academics/index_php ,', I 93 from parent. (0.61 %) 159 to target 11 04;. 1 I 
II 

if /academics/index.php .to /ilboutirndex_php .)/ 
76 from parent. [0.50%) 130 II: !.:' lg8 In 85:.: , , 

I 
0% 

iJ /webnewslinde lC.php . .z] /registrar/admlss lon.php ,. ! 
63 from parent. (0.41 %) 113 to targ.::t r>"'CI 
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Appendix D: Common Site Entry and Exit Pages for August 

.~ I alumni/index. php 
126 hom p",n!. 10. 79%) 

~ Ifacullies/linguistics/woci'll.htm + 

137 hom paren!. 10..86%) 

. ill/webnews / showarlicle.pnp 
20.0. from pa,en!. 11.25%) 

.~ Iwebmail. him 
623 hom paren!.1389%) 

. .[J lindeK.php 
8278 hom parer< 151 .72}.1 

.k] /strategicplanning/viewco mment.. + 
655 hom paren!.14.0.9%) 

.. ru lnews/index. php 
254 hom pa,en!. 11.59%) 

.i1/librariesJindex.php 
166 hom paren!. 11.0.4%) 

. i1 /lvacancy/personalinfo.php 
129 hom pa,en!.lo.·81 %) 

.~ l academics/index.php 
125 hom paren!. 10.·78%) 

91 

.Q] Icontacts php 1% 
190101"'19031 p. 19%) 

.~ /academics/index.php 1% 
t .?OO to targe!. (1 25%J 

,~ lfaculties/indeK. php 
"?Sa to tar gel !1 8O%J 

+ _fiI /strategrcplannmg/viewcommenL .. 
E.59 to tolgel 14 WSj 

2J lindex.php 
4S02 to target 123 76%) 

t il/webmail.htm 
1352 to talget fS 45%} 

.i1/news/indclI.php 

310 '0 '''9'' 11. 94%) 

.~ Iwebnews/showarticlc.php 
t 2(1~do larget 11.18'':;1 

t fiI"acult ies/sc/indel< .htm 
nllo IdlQet 1- H ;;I 

~ hegislral/admiuion.ptlp 1% 
t 137 10 I",rgel. (1 17 ':.1 



Appendix E: Most Accessed Pages fo r .January 

Top Requested Pages' Hits 

lindex.php 

Iwebmail.htm -lacademlcs/index .php • 
l facultles/index. php • 

{vacancies/main. htm • 
l about/index.php • 

/vacancles/index. htm • 
IvacanciesJtop.htm • 

Iwebnewsfindex. php • 
/adminis trallonJindex .php • 

o 10000 20000 30000 40000 50000 60000 

Appendix F: Most Accessed Pages fo r Augus t 

Top Requested Pages' Hits 

!index php 

tw ebrroll him 

lacadenicSflndex php _ 

Ifacunies/lndex php _ 

Inew sflndex php _ 

/vacancjesfm:lIn him _ 

Istrategicplannlngfviewcorrrrents php _ 

Ifaculties/sc/lndex him • 

Ivacancies/specializahcm him • 

labout/lndex php • 

o 5000 ',.;)00 15000 20000 
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Dr. M:rnnj Vo N, \ ' (:\ (h isori 

1 ~ January, 2009 
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