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ABS' ' ~CT 

Web sites arc one of Ihe well known COIllI un icat ion media where very huge information 

could be disseminated for visitors' access. ~ incc most of the organizat ions in the world 

use web sites to communicate their busirw~) . smooth run ning and better service of the 

web sites is fundamenta l point for the bene of users andlor the organization. 

In order to deve lop improved web si te sen {I!S, the extent to which users are satisfied on 

the web site should be computed to evaluate Ihe site. On the first case, the site designers 

could bring amendments on Ihe site by thci ' expectation arusers' desire. Secondly, users 

of the site may be communicated throug'J interview, questionnaire or observation to 

gather the users' trend of the web site us, 1 ;c. Thirdl y, researchers could undergo web 

usage ana lysis on web server log files ofthl Isers' requests. 

In thi s research, server log of Add is Abab ... Uni versity web site was ut ilized to discover 

web usage pattern using statistical analyzer nd data mining appl ications. Access log fi le 

was a target data source as it is expected to ~ lOW users' usage trends. 

The methodo logy proposed by Srivastava I t a1. (2000) was used in the research work 

which comprised of raw log preparati on, IlLt ern discovery and pattern analysis. The well 

known association mining algorithm. Aprio.-. was used to extract the common directories 

that were accessed together. Meanwhile, P:\ cl ictiveApriori was used in mining common 

navigational sequences in the web site. 1 1 en, the di scovered rules were ana lyzed In 

consultation with the si te map of the web si.( and the concerned site designers. 

The research found that there arc dircctorif ~ which are freq uentl y vis ited in the web sile. 

Other findings are also di scussed based on \v lich recommendations are forwarded. 
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CHAPTER ONE 

INTRODl CTION 

1.1. Background of the Study 

Addis Ababa Univers ity (AAU) is one of the accredited govern mental higher education 

institutions in Ethiopia. II was founded in 1950 by the name of University College of 

Add is Ababa. Then, the uni versity was renamed to Haile Sc lassie I University in 1962. 

The current name of AAU was given in 1975. Currently, the un ivers ity delivers programs 

in undergraduate, graduate and postgraduate level in difTerent fields of studies (Teshome 

1990). 

Formerly, a Systems Design and Data Processing Center (SDDPC), which was 

estab li shed in 1970. was used to ofTer balch·orienled data processing services to the 

central admin istration in such application areas like payro ll and general ledger (Tcsfaye 

n.d). The center also used to prov idc service..; to student/staff researchers in analyzing 

survey resu lts using statist ica l packages. However, d issatisfaction on the effectiveness of 

the center was man ifested from the user comm unity by the survey o f Tesfayc (n.d) . 

Desp ite SDDPC's long ex istence in the institution, no administrative un it was provided 

wi th on- line access fac ilities to any data ma intained by the center. 

The same writers cla imed that certain developments have been observed in the 

widespread penetration of IT in variolLs academic and research units of AAU through 

time . A fairly large proportion of the introduced IT equipments, however, were used as 

stand-alone system to prov ide access to word processing applications and some other 

related office applicat ions. 

As an initiation of the qua lity information access, networking of com puters was also to a 

certain extent exerc ised in AAU (Tesfaye n.d). Accordi ngly, some units have installed 

rudimentary Loca l Area Networks (LANs) to connect the ir personal computers (PCs) 

with a view of setti ng up comput ing centers [0 support teaching and research in their 
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respective uni ts. Besides, the use and app licati on of IT as a delivery vehicle fo r the 

curriculum were al so emerging. This might be some indicator which could lead to the 

conclusion that networking was gaini ng a foothold in AAU (Tesfaye n.d). 

Accordingly, large scale networking was desired for the intention of ini tiating and 

implementing Information Communication Technology (lCT) related projects and 

activit ies. So, a project ca lled AA UNet was established in 2000 which initiated the 

opening of the ICT Development Office at AAU. 

ICT Deve lopment Office is one of the offices in AA U that serves the university 

community. Among the duti es and responsibi lities of the office, developing and 

maintaining of the AA U offic ial web site is the pr imary one . The web site was published 

in 200 I and it is hosted at the main campus of the un iversity, Sidist Kilo. It is meant to 

serve both the univers ity comm un ity and outsiders who want to surf the university's 

service(s). 

Discussions with current le T staffs of the uni versity disclosed some facts about the 

development of the web site (A list of discussants is attached in Appendix G). 

Accordingly, individ ual academic and administrative units have been engaged in 

des igning and submitti ng their respective pages a fter which the ICT Development Office 

publishes the pages to the home page of the official site. There have been cases that the 

site did not contain a ll information about the un ivers ity services. Even the available pages 

are not consistent enough to attract customers. Users arc used to feel less comfort on 

these aspects. 

1.2. Statement of the Problem 

Web sites provide in forma tion of the web on various aspects of users' or organ izations' 

need. The infomlation may include graphics, tcxt, audio, video, or other multimedia data 

forms which could be accessed at real time of any di stance. They arc becoming very 

popular by the user community. This, in tum, tends to increase the web sites' growth in 

politics, academic, economic and other aspects. Ratheke and Schreiweis (2003) claimed 

2 



that information avai lable in web pages is different from the information which is 

available in other media. First of all , users of web pages could satisfy their infonnation 

need by interactively directing themselves to the infonnation source they want. Secondl y, 

a web user can skip to another source in few mouse clicks following the link structure. 

Thirdly, a user can view multiple sources sim ultaneously. Fourth ly, content ofmosl web 

sites is dynamic and varies from time to ti me to give users up-to-date information . 

Unti l 15th of December 20 I 0, about 125,620,840 active domains arc registered globa lly 

(DomainTool web site 20 I 0). In contrast to their dynamic growth, most web sites are not 

useful for most of the users. Han and Kamber (2006) claimed that 99% of the web sites 

are not usefu l for 99% of the users. There afe several factors that contribute for this 

problem. As one of the factors, Lydon and Fenne ll (2003) argued that a large number of 

web sites are poorly designed because user requiremen ts are not often incorporated into 

the web design process. The researchers added thai web sites focus more on quan tity 

rather than content quality that could suit the users' requirements. Thus, the effectiveness 

of a certain web site shou ld be eva luated regularly so as to assure that it filS the need of 

users (Myra 2000). 

One of the techniques used to eval uate web sites is web mining (S rivastava et al. 2000). It 

is used to di scover and retrieve use fu l and interesti ng patterns from web dataset such as 

web log, web site content, users' registration and web site links. All of web data can be 

mined mainl y in three di fferent di mensions nmnely web content mining, web structure 

mining and web usage mining (Suneethe et al. 2009, Srivastava et al. 2000, Borges et al. 

1999). 

According to Cooley et al. ( 1997), each of the web mining approaches has its own 

application area. In thi s regard, web content minin g involves efficient extraction of usefu l 

and relevant information from web sites and data oases. It concern s about distinguishing 

documents which could better meet requiremen t o f a cert'ain individual. Web structure 

mining involves the techniques used to study web pages schema of a collection of hyper­

links. It is commonly used to di scover authoritati ve and hub pages of a cert'ain web site. 
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Web usage mining is the applicat ion of data mining techniques to web log data in order to 

di scover user access patterns. 

Among the three dimensions of web mini ng, mining for usage panern discovery demands 

web usage mining. In this approach, interesting patterns arc discovered about web site 

users' access pattern. Evaluation of the exist ing web sites cou ld then be accomplished on 

top of the discovered patterns. The analysis is expected to help web site designers to 

come up with some sort of design change that could better fit the users' need such as web 

pre-fetching, link predict ion, site reorganizat ion and web personalizat ion (Srivastava et 

. 1. 2000). 

From a prelim inary investigation, users of AAU official web site arc not sati sfied by the 

s ite and the web site is being blamed in its services. As to the researcher 's interview with 

communities of the university, complexit ies in usi ng the site have been claimed. 

Discussion with le T Deve lopment stalTs also informed the researcher that there arc users 

who have been cla iming on the usage difficu lty of the web site and failu re to get the 

serv ices of the web site. Moreover, broken page li nks have been cla imed from the site 

users. 

The site has been redesigned repefltedly slOce its estflb li shmen l. As the researcher 

interviewed the web site design team members of the le T Deve lopment Office, the 

redesigning task of the web site has not ever taken a solid input except simple discuss ions 

and recommendat ions internal ly. Indeed, the web site designers browsi ng expectation and 

the actual users' navigation patterns have not been taken into consideration. But, such 

inputs could not be fully trusted to be the right directions of designing better web site. 

This, in turn, could not better fit the site users and is cost ly practice on unreasonable 

frequent site changes. So, the usage patterns of Ihe web site need to be analyzed for 

elTective web site evaluation and recommendations for the web site redesign 

(Spit iopoutou 2000). 

To address the problem, Mckonnen (2009) used web log analyzer tool and tried to 

ana lyze hit stat istics, most req uested pages, most visited directories, most frequent entry 
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and exit pages, users' visiting time and common errors encountered of the web site on a 

monthl y and day of the week basis. Besides, he used Apriori based association rule 

mini ng to come up with some of the frequently accessed group o f pages. Finally, he 

recommended to use combi nation of statistical analyzer tools and data mini ng approaches 

for discovery of betler usage pattern . 

However, his findings did not show common navigationa l sequences in which web pages 

are vis ited. Un like assoc iat ion rule mining of market-basket analysis, a server session of 

usage log is an ordered sequence o f pages req uested by a user (Srivastava et at. 2000). 

So, interesting rules about common navigat ional sequences should be extracted fo r 

ex ploration of the appropriate usage trends which is the main interest of this work . 

This research, therefore, focused on the usage pattern of the officia l web site of AAU 

using combinations of statistical analysis and data mining approaches. 

1.3. Research Questions 

Mekonnen (2009) claimed that most of the users of AAU official web site start and exit 

their nav igat ion at the home page of the web site. The entrance through which web site 

users join a certain web site is in format ive about users' usage behavior toward the site. In 

case most of the web site users join a site via the home page, th is cou ld infonn the 

researcher that either the site users usc the exact URL to open the si te or the query term 

that is used to search in search engine returns the home page of the site. Otherwise, the 

researcher could conclude that there are many alternative routes toward the web site. 

Shen et at. (1999) and Batista and Sil va (2002) revealed that di scovery o f sets of pages 

that are commonly accessed together is very interesting usage patterns of web sites. Al so, 

Mekonnen (2009) showed that discovery of sets of pages that are frequently visited by 

users tends to reveal interesting usage pattern for the usage of AAU official web site. 

Hu et at. (n.d) claimed that sequential panern mining of web log data is one of the 

important areas in web usage analysis researches to discover common sequences of URL 

req uests. Accordingly, the pages that are accessed in certain sequence frequentl y cou ld be 
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rearranged in the discovered order so that the users' vi siting time is saved . Thus, the web 

si te cou ld be easily vis ited by the users as its conten ts are arranged in a situation that 

meets the majority users' behav ior. 

As Srivastava et a l. (2000) cla imed, one of the goa ls of web usage pattern discovery is to 

compare the web site designers' expectation of web site navigation and the actual users' 

vi sit trends. 

Thus, the research is expected to answer the fo llowing questions: 

• Do most of the users of AAU official web site start navigation at the home page of the 

site or are there many arbitrary routes to its pages? 

• Wh ich pages are the most common pages on whic h users give up their nav igation? 

• Are there pages that are accessed together more frequently? 

• Are the pages that are accessed together more frequently direct ly linked to each other 

in the web site? 

• Are there frequent navigations in sequence but dispersed ly located in the web site? 

• What is the extent of match between web site des igners' expectation of page 

navigations and actual users' nav igation? 

1.4. Objective of the Study 

1.4.1. General Objective 

The general object ive of thi s study is to apply web data mining techniq ues on access log 

files of AAU official website to discover interesting usage patterns of the website that 

could be an input fo r evaluation of the website . 
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1.4.2. Specific Objective 

To achieve the aforement ioned general objecti ve, the specific objecti ves of the research 

arc the fo llowing: 

• To di scover frequent ent ry pages to AAU official web site ; 

• To find out more frequent exit pages of the web site ; 

• To di stin gui sh pages that arc visited together morc frequen tl y; 

• To discover common navigational sequences in the web site; 

• To analysis the site designers' page navigation expectation and actual users' 

nav igation 

• To forward appropriate recommendati ons as future research directions. 

1.5. Scope and Limitations of the Study 

In the study, access log file of AAU officia l web site was used as a potential data source. 

Besides, prev ious usage statistics was used in the log filter ing tasks and s ite map of the 

web site was used in the pattern analys is. In the pattern discovery, associat ion mini ng and 

sequential access mi ning techniques were em ployed. 

The study was conducted on access log Illes of six months durat ion only. 

1.6. Research Methodology 

In order to di scover better web usage patterns for a web site, there are a number of steps 

that need to be fo llowed (Srivastava et al. 2000). Accordingly, the fo llowing steps were 

followed in this research. 

a. Review of Il.clatcd Literature 

A review of relevant literature has been conducted to assess data mining technology and 

web usage analysis. Various books,jou rnals, magazines, anic les and papers penain ing to 

these subject areas have been consulted to understand the potential app licabi lity of web 

usage mining in evaluation of web sites, panicularly of official web site of AAU. 
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b. Identifyi ng Available Data Sources 

The potential source of data for this research was thc web server of AAU officia l web 

site. The server log fi le contains differen tlypes of fi les and access log fi le was the focus 

in thi s research. The access log file con tains records of each user requests that contains 

remote host Internet Protoco l (Ill) address, remote login name o f the user, authentication 

user name, date. request Uniform Resource Locator (URL), status code, bytes size, 

referrer URL and user agent. Besides, the site map of the web site was used. 

c. Data Prepa ration 

The access log file is not su itable for direct input to the pattern discovery tool se lected by 

the researcher, Waikato Environment for Knowledge Analysis (Weka). Thus, the raw log 

fi le was prepared step by step. Fi rstly. Wckaprep tool was used and the log fi le was 

filtered upon removal o f non-human requests or automatica ll y down loaded graphic files. 

Secondly, user session fi le was created by the same tool. Then, python code was written 

to develop transaction fi le of the user sessions and to transform the transaction file to 

input that arc compatible to the respective algorithm s. 

d. Usage patt ern discovery 

Mach5 statistical analyzer 1001 was appl ied on the filtered log fi le to extract facts and 

figures that show general statistics on the site usage. Weka's association mining 

algorithm, Aprior i, was used to discover the common directories that have been accessed 

together. Besides, PredictiveApriori algorithm was to discover the common nav igation 

sequence in Ihe web site. 

e. Ana lys is of t1sngc patterns 

The discovered usnge patterns were eva luated in consideration of the si le map of the web 

site and the web si le designers' navigation expectation. 
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1.7. Organization of the Thesis 

The thesis is organized in fi ve chapters. The fi rst chapter illuminated on Ihc problems that 

form the basis of this study. The general and specific objectives of thc study as wel l as 

research questions were discussed. 

In thc second chapter, literature on data mining and web mining and their application in 

di ffe rent areas are reviewed. Moreover, some researches related to web usage analysis 

were briefly presented. 

The th ird chapter prov ided detailed process model of thc research at hand. Each of the 

steps that were contained in thc web usage ana lysis methodology proposed by Srivastava 

et al. (2000) was discussed. 

The experimentation part of this research was discussed in chapter four. The different 

steps that are encompassed in the adopted methodology were described. The web usage 

patterns were discovered by integrat ing stati stical analys is and data mining appl ications. 

Finally, interpretation of the experiments' results was given. 

In the fifth chapter, concluding remarks and recommendat ions were made. Finally, lists 

of references and appendices were presented at the end of this paper. 
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CHAPTER TWO 

LITERATURE REVIEW 

2. 1. Oa ta Mining 

The natura l evo lution of in fonnation technology and phenomenal rate ordala growth tend 

to bring wide ava ilability of huge amount of data (Dav id ct al. 200 I). Meanwhi le, users 

need morc sophisticated in formation and knowledge rather than accumulated data. This, in 

turn, demands the appl ication of Knowledge Discovery in Dalabases·KDD (Fayyad et al. 

1996). 

KDO is the overa ll process of di scovering useful knowledge from data. It encompasses 

lots of tasks from data selection fo r the mining task to interpret the di scovered patterns. 

Data mining is one of the steps in the KO D process that is concerned wi th enumeration of 

patterns over target data via data analysis and di scovery algorithms (Fayyad et al. 1996, 

Han and Kamber 2006, Hand et al. 200 1). Data mining is d ifferen t from accessing info in 

a database because the query is not well formed or precise ly stated. Moreover, the data 

needs to be preprocessed be fore min ing, and the output is new knowledge that may not be 

a subset of the database. 

2.1.1. Data Mining Activities 

There are various kinds of data mining techniq ues and a lgorithms depending on the type 

of knowledge to be mined out of the data. Fayyad et al. ( 1996) cla imed that the two high­

level primary goa ls of data mini ng in practice lend to be pred iction and description. 

According to these researchers, prediction involves using some variables or fi elds in the 

database to pred ict unknown or future va lues of other variables of interest, and description 

focuses on fi nding hu man-interpretable pattern s describing the data. The goals of 

prediction and description can be achieved us ing a variety of data mining methods. In 

response to thi s, data mining research involves a combi nation of d iffe rent activ ities which 

together so lves a business prob lem. 
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Various problems of inte llectua l, economic, or business interests can be articulated in 

tenns of different data mining activities such as data description, clusterin g 

(segmentation), concept description, classification, prediction (regress ion) or association 

anal ys is (Han and Kamber 2006, Fayyad et a!. 1996). Some of these activities arc briefed 

below. 

Mining Frequent Patterns, Associations, and Correlations 

Frequent patterns arc patterns that occur frequently in a data of consideration. According 

to Han and Kamber (2006), the three we ll known frequen t patterns arc itemsels, 

subsequences, and substructures. Accord ingly, a freq uen t itemsc! typica ll y refers to a sct 

of items that frequently appear together in a transactional data set. This pauern is claimed 

to be the simplest form o f frequent pattern mining. Sequence pattcrn, on the other hand, 

refers a frequently occurring subsequence, such as the pattern that customers tend to 

purchase first a PC. fo llowed by a digital camera, and then a memory card . The third 

frequent pattern. frequent substructure, refers to frequently occurring structura l forms, 

such as graphs, trees, or lattices which may be combined with itemset'S o r subsequences. 

With the principles of frequent patterns mi ni ng, interesting associations and correlations 

within data are di scovered. 

Interestingness of assoc iation mini ng rules is commonly measured using support and 

confidence. Let I = {II, h ... InJ be a set of items. Let D, the task-re levan t data, be a set of 

database transactions where each transaction T is a set o f items such that T .c. I. Each 

transaction is associated with an identifier, ca ll ed T ID. Let A be a set o f items. A 

transaction Ti s said to contain A ifand onl y if A.c. T. An association rule is an implication 

of the form A-7 B, where A...£ I, B...£ I, and A n B = O. The rule A-7B holds in the 

transaction set D with support s, where s is the percentage of transacti ons in D that contain 

A u B (Le., the /Inion o f sets A and B, or say, both A and B) . This is taken to be the 

probabil ity, P (A u B). The rule A -7 B has confidence c in the transaction set D, where c 

is the percentage o f transactions in D conmining A that a lso contain B. This is taken to be 

the conditional probability, P (BIA ). Mathematicall y, it is depicted as follow. 
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support (A ~ 8) = peA u 8) 

confidence (A ~ B) = PCB I A) 

Support indicates the 'usefulness ' of the rules whereas confidence indicates the certainty 

of the ru le . Ru les th at sati sfy bOlh a mini mum support threshold (min Slip) and a minimum 

confidence threshold (min confJ are ca lled strong. 

For a certai n transaction database of items and specified minimum support and minim um 

confi dence th reshold va lues, assoc iations among items could be deve loped wi th an 

appropriate algorithm employing the following two general ized association steps. 

• Find a ll freq uent itcmscts : At this step of the association mining, a ll frequent 

itcmsets of a ll possib le item size are di stinguished . Then, each of these itcmsets 

will occur at least as frequent as the predetermined minimum support count, min 

Slip . 

• Generate strong association r ules fro m th e frequent itemsets : Once all the 

frequent itcmsets are known, associations of items that satisfy the mini mum 

confidence threshold are identi fi ed. Then, rules are developed for the respecti ve 

item assoc iations. So, the items are claimed to sati sfy both minimum support and 

minimum confidence thresholds. 

Given an association rule : buys (X, "computer")~ buys (X,"anti virus_software") with its 

threshold values: 

[Support=2%, confidence::::60%], it is interpreted as fo llows. 

A support of 2% means that 2% of all the transactions under analysis show that computer 

and antivirus software are purchased together. A confidence of 60% means that 60% of 

the customers who purchased a computer also bought the software. 
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Aprior i Algorithm 

The Apriori algorithm has emerged as one of the best association rule min ing algorithms 

(Han and Kamber 2006). The algori thm follows a complete, depth-first search to 

enumerate all frequent itemscts, i.e., it works based on data passes. It starts by scanning all 

transactions in the database and computing the frequent I-itcmsets. Next, a sct of 

potentially frequent candidate 2-i tcrnscts is formed from these frequen t items. Then , 

another database scan is accomplished so as to calculate su pport val ues for each of the 

frequent candidate 2-itemscts oul of which freq uen t 2- itcmscts arc distinguished. The 

frequent 2- itcmscts arc retained for the next pass, and the process is repeated unt il all 

frequent item sets have been enumerated. 

The algorithm has three mai n steps: 

• Generate candidates of length k from the frequent (k- I) length itemsets, by a self·join 

on F.- I. For example, for F2 = tAC, AT, AW, CD, CT, CW; DIY. TW} , we get C3 = 
{ACT, ACIV, AT/V, CD7; CDW, CTW} . 

• Prune any candidate that has at least one infrequent subset. For example, CDTwill be 

pruned because DT is not frequent. 

• Scan all transactions to obtain candidate supports. 

Apriori stores the candi dates in a hash tree for fast support counting. In a hash tree, 

itemsets arc stored in the leaves; in terna l nodes contain hash tables (hashed by itcms) to 

direct the search for a candidate. It prunes those candidates that have an infrequent subset 

before count ing their supports. This opti mization becomcs possib le because Best Fi rst 

Search (BFS) ensures that the support values of all subsets of a candidate are known in 

advance. 

Despite the fact that the size of candidate freq uent itemsets is reduced using "Apriori 

property", the Apriori a lgorithm is challenged by IWO nontrivial com putationally 

expensive processes, i.e. so many database scans and huge number of cand idates' 

generation. 
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Frequent Pattern Growt h (FPG) Algorithm 

FPG algorithm avoids the problem of 'candidate generation and test' which is common in 

Apriori algorithm. This a lgorithm follows depth·fi rst search in which difTerent set of 

combinations with a given single or pair of items. The approach has the phi losophy of 

growing long patterns from short ones using local frequent items onl y. Thus, Fro 
algorithm preserves complete information for frequent pattern mini ng. Moreover, 

irrelevant information is reduced in advance and compact structure thereof. 

Given a transaction datnb:lsc along with a minimum suppon and a minimum con fidence 

threshold va lues, the fo llowing three steps are involved in FP-trec construction. 

• Scan the database once 10 find frequent I·itemset (si ngle item pattern) 

• Sort the frequent items of step I in frequency descending order, f·list 

• Scan database again 10 select only the frequent items from each of the transaction 

items and construct the FP·tree for the selected items 

Once the FP·tree is con <; trueted, conditional pattern-base for each of the frequent 1-

itemsets will be extracted from which conditional FP·trce will be identified. Then, 

interesting rules is developed on consideration of the minimum th reshold values and the 

conditiona l FP·tree. 

Mining Sequential Paltc rns 

Sequential pattern min il';! was first introduced by Agrawal and Srikant (1995) based on 

their study of customer purchase sequenccs:G ivcn a set of sequences, where each 

sequence consists of a list of events (or clements) and each event consists of a set o f items, 

and given a user·spee ired minimum su pport threshold of min sup, sequential pattern 

mi ning finds all frequ en t subseq uences, that is, the subsequences whose occurrence 

frequency in the set of sl' lucnces is no less than min sup. 

Let I = { I I. 12 ... Ip} bl' 'he lotal number of items in a transaction. An itemset is an 

unordered list of items fr0m I. Let e=(xlx2X) ... Xn) be an event (itemset) containing n 

number of items. Then. s=<ele2c) ... eq> could be a seq uence of q number of events (an q-
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sequence) where each of the CIS is an clement (itcmset) of the sequence . The sequence 

database of a ll the seq uences could be put as S=<SID, s> where SID is sequence identifier 

(10) and s is the respecti ve seq uence. 

Sequential pattern mining has gradua lly become an important data mini ng task, with broad 

appl ications in market and cllstomer analysis, web log analysis, and mining Extended 

Markup Language (XML) query access patterns (!-Iu et al. n.d). 

Mining Prediction Problems' 

As Han and Kamber (2006) exp lained, classificat ion and prediction arc two forms of data 

analysis that can be used to extract models describing important data classes and to predict 

fu ture data trends respecti vely. In the case of classification, an already established 

categorical label (di screte and unordered) is associated for a data tup le o f in vcstigation 

whereas prcdiction is about forecasting of an ordered and conti nuous predicted allribwi 

for a tuple. Both classification and prediction follow two steps: tra ining and test ing. 

Howcver, the train ing data set could not be used in the testi ng phase of prediction (Han 

and Kamber 2006). 

Decision tree Induction, Bayes ian Networks, Support Vector Machines, Rule-Based 

Algorithms and Neural Network Learn ing are some of techn iques for classification 

mode ling. Regression analysis) is one type of numeric pred ict ions. Besides, some of the 

classification techniq ues suc h as support vector machi nes may be adapted to work for 

prediction. 

Mining Clustering Anolysis 

A cluster is a collection of data objects that are si mi lar to one another within the same 

cluster and arc diss imilar to the objects in other cl usters (Han and Kamber 2006). The 

process of groupi ng a sct of physical or abstract objects into classes of similar objects is 

\ Classification and prediction are prediction problems; prediction Is synonymous with 'numeric 
prediction' (Han et al. ,2006) 
1 Predicted attribute refers that a continuous attribute value of a predictor 
l Regression analysis is a stat istical methodology thai is most often used for numeric predict ion 
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called clustering. Contrary to classification and prediction, clustering anal ysis employs 

unsupervised learning; because the clusters have not been set in advance. Clusteri ng is al so 

called data segmentation as cl u<;tcring partitions large data sets into groups according to 

their similarity. 

There are lots of clustering rncthnds which could be grouped as Partitioning, Hierarchical, 

Dens ity~based, Gr id-based, and Model-based . 

2.1.2. Knowledg{~ Discovery Process 

The discovery of hidden kno\\ ledge from dataset is done following some set of standards. 

There are lots of Illc: thodologic<; for the rea lization of thi s task such as Cross Industry 

Standard Process li.lf 1);lIa f-" IIllg (CRISP·OM). ~amplc, ,E.xpiorc, Modify. Mode l, and 

Assess (SEMMA) and KD D. 

2.1.2.1. CRISp· DM 

This data mi ning methodology is mostl y followed for industry researches. There are six 

commonly agreed steps in til : (lCCss. 

a . Business lJl l d l'rstalHl ill j.!: This in itial phase focuses on understandi ng the 

research objectives and requ irements from a business perspective, then converting this 

knowledge into a d:l1a mining problem definition and a preliminary plan designed to 

achieve the objectives. 

b. Da ta underl(" 1I1di l1/" The data understanding phase starts with an initial data 

collection and procc1.'dl( 1\ '1, 

data quality prohlel '. 

ivil ies in order to get fami liar with the datta, to identi fy 

~rs t insights into the data or to detect interesting subsets 

to form hypotheses r ,r'lI I len information. 

c. Oal f! pr('p:l r:l lio n : The data preparation phase covers a ll activities to construct 

the fi nal dataset (data that will be fed into the model ing too l(s)) from the initial raw data. 

Data preparation ta"ks :Ire- lik e' \, to he performed multiple times and not in any prescribed 

order. Tasks of d~1 1 :1 '~r" 

transformation alH' .: 

'1'11 include cleaning, attribute selection, as well as 

"lr modeling tools. 
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d. Modeling: In this phase, various modeling tech niques are selected and appl ied; 

then, their parameters are calibrated to optimal values. Typ ically, there arc several 

techniques for a certain data mi ni ng problem area. Some techniques have specific 

requ irements on the form of data. Therefore, steppi ng back to the data preparation phase is 

often necessary. 

c. Eva lua tion: At thi s stage of the research, one has to build a model (or models) 

that appear(s) to have high qua lity from a data analysis perspective. Before proceeding to 

fi na l deployment of the model, it is important to evaluate the model morc thoroughly and 

rev iew th e steps executed to construct the model to be certain that it properly ac hieves the 

business objectives. The objective of evaluation is to determ ine if there arc some 

important business issues that have not been suffic ientl y addressed. At the end of this 

phase, a decision on the use of the data mini ng results could be reached. 

f. Deploy menl: Creation of the model is genera ll y not the end of research works. 

Even if the purpose of the mode l is to increase knowledge of the data, the knowledge 

ga ined wil l need to be organized and presented in a way that the customer can lise it. It 

often involves applying " live" models wilhin an organ ization's decision maki ng processes. 

However, dependi ng on the requirements, the deployment phase can be as simple as 

generating a report or as complex as implementi ng a repealable data mi ni ng process across 

enterprises. In many cases, it is the user-not the data analyst-who carries out the 

deployment steps. Even if the analyst will not carry out the deployment effort, it is 

im portant fo r the user to understand clearly what actions need to bc carried out in order to 

actually make usc of the created mode ls. 

The mode l is shown in the next page diagrammaticall y. 
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Figure 2. I: Phases of CRISP·DM Process Mode l 

(Source: C RISP-DM Consorti um 2000) 

2.1.2.2. SEMMA Process 
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SEMMA process refers to the process of conducting data min ing research with five stages 

of sampling, exploring, mod ify ing, modeli ng and assessing. 

a. Sample: It concerns sampl ing the data by extracting a portion of a large data set that is 

big enough to encompass significant infonn at ion of the dataset, yet small enough to 

manipu late quickly. 

b. Explore: It consists of the ex ploration of the data by searching for unantici pated trends 

and anomalies in order to gain understandi ng and ideas. 

c. Modify : It consists on the modi fication of the data by creating, se lect ing, and 

transforming the variables to focus the mode l se lection process. 

d. Model: It concerns about mode ling the d.ata by a llowing the software to search 

automatically for a combination of data that rel iably predicts a desired outcome. 

e. Assess: It concerns about assessing the data by evaluating the use fulness and 

re liab ility of the fi ndin gs from the data min ing process and estimate how well it 

performs. 
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2.1.2.3. KOO Process 

KDD process is comprised o f the following five tasks. 

a. Selection : It involves collecting data from possible sources to get the target data 

b. Preprocessing: It concerns with cleaning the target data so as to get preprocessed 

data . 

c. Transformation : It is all abou t any sort of rearrangements of the preprocessed data so 

that it would be easy to apply the data mining tool. 

d. Data minin g: It involves app lying appropriatc data mining tcchniques and algorithms 

onto the transformed data to get intcresting patterns of the data . 

e. Interpretation/Evaluation : At this stage of the KDD process, the discovered pattern 

is evaluated to give recommendations. 

The diagrammatic representation of the KDD process is depicted below. 

-- - - 1 ,....-
: SeICl:lion : ......... : Preprocessin 

,----------, ,- -, 
I TriinsformilUo 1 1 Oiltil 1 1 Inte rpretilti 
, 1 1 /\ /1.. __ ______ I L , 

1---+ 1--"-- ---- ..c.rr;.--'J' -""-"---> ~ cj 
Initial 
Data 

Target 
Data 

Preprocessed 
Data 

Transforme 

d 

Figure 2.2: Phases of KDD Process 

(Source: Dunham 2002) 

2,1.3. Application orOata Mining Technology 

Mode 

Data mining has so many app lications in reduced costs of doing business, improved 

profitabi lity, or enhanced qual ity of service for different fie lds. Areas in which such 

benefits have been demonstrated include insurance, direct mail marketing, 

telecommunications, retail, medic ine, customer relationshi p management and others 

(Huang 2003). Data mining app lications have been shown to be highly effecti ve in 

add ressing many important business problems. Each business is interested in knowing the 

behav ior of its customers on beha lf of knowledge gained in data mining. 

Knowl 

edge 
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Customer Relation Management (CRM) is one of the areas where data mining is highly 

applicable. Hcnock (2002) attempted 10 study the application of clustering techniques to 

support CRM at Ethiopian airlines using CRISP·[)M methodology. The researcher mined 

Ethiopian Airline's frequent flyer programs database to extract important customer 

information. Then, the customer data was segmented into fi ve clusters which could clearly 

show Ihe difTerent customer types. 

Pattern discovery is another application of da1a mining technology. Shegaw (2002) 

researched on the appl icab ility of data min ing to predict ch ild mortality based upon 

community-based epidemiological datascts gathered by the Butajira Rural Health Project. 

He employed three steps of data mining process iterati ve ly: data collection, data 

prcparation, and mode l building and testing. Neural networks and Dccision tree techniques 

were employed by the researcher to develop chi ld mortality patterns. Similarly, Helen 

(2003) tried to identi fy interesting patterns and rel ationships out of census and survey 

database fo r the intention of understandi ng the nature of child labor problem in Ethiopia. 

The researcher developed the model using Apriori algorithm of association rule mining. 

A special type of data mining ca lled web mining is also appl icable in different areas. Web 

mining may be practiced in thc anal ys is of conten t, structure or usage of web sites so that 

the usability of web sites could be mai ntained. Web usage mining is thc main intent of this 

research. 

2.2. Web Usage Analysis 

The World Wide Web grows at an alarming rate in both thc volume of traffic and the size 

and com plex ity of web sites (Cooley et at. 1999). According to the survey conducted by 

I-Iu et al (n.d), in less than a decade, the World Wide Web has become one of the world's 

three major media, with the other two being print and television. This occurrence has 

brought chall enges for web community. Thus, distingu ishing documents that meet a group 

of web users, web site design, web server design and simple navigation through a web site 

are found more difficult (Chitraa and Davamani 20 I 0). Accordingly, knowing users' 

navigation through web is a critical task in deve loping appl ications like e-commerce, 

personalizati on, web site and recommender systems. This activity of discovering users' 
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navigation through web sites and extract information from wcb documents and services is 

known as web mini ng (Kosala and Blockccl 2000). Web mining was first inventcd by 

Etzioni (1996). 

2.2.1. Types of Web Mining 

Commonly, web mining has three ma in research areas namely web content mining, web 

structure mining and web usage mining. Web usage mining is a lso known as web log 

mining as web server log files are commonly used for the mining purpose (Suneetha and 

Krishnamoorthi 2009, Sri vastava et al. 2000. Borges and Levene 1999). 

Web Mining 

Web Content Minin~ Web Usage Mining Web Structure Mining 

Personalization Site Improvement Site Modification Business Intelligence 

Figure 2. 3: Types of Web Mining 
(Source: Srivastava et al. 2000) 

Web Content M in in g: Web content mining is the task of discovering useful 

information from the content/documents of the web to prov ide an efficient mechanism to 

help the users in finding the information they seek (Chitraa and Davamani 2010). 

Accordi ngly. inner-document information is used in web conten t mining. Content of 

incl udes multimed ia, structured (i .e. XML documents). semi-structured (Le. HTML 

documents) and unstructured (i.e. plain text) data. Web content mining includes the task of 

organizi ng and cl ustering the documents and providing search engines fo r accessing 

different docu ments by keywords, categories and contents (Pal et al. 2002, Madria et al. 

1999. Chakrabarti 2000). 
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Web Structure Mining: Madria et al. (1999) descri bed web structu re mining as the 

process of di scovering the structu re ofhyperli nks within the web. Accordingly, it is aimed 

at exploring usefu l knowledge from the web structure, hyperlink references and so on. 

Web structure mining di scovers the link structu res at the inter-document level for the 

intention of identifying the authoritative and the hu b pages for a given subject. 

Authoritati ve pages contain useful infonnation, and arc supported by several li nks 

pointing to it, which means that these pages are highly-referenced. A page that has a lot of 

referencing hypcrl inks means that the content of the page is useful, preferable and maybe 

rel iable. !-Iubs are web pages that contain many links to authoritative pages, thus they he lp 

in clustering the authori ties. Web structure mining can be achieved only in a single portal 

or on the who le web. Mining the structure of the web supports the task o f web content 

mining. Using the information about the structure of the web, the document retrieval can 

be made more em cient ly, and the reliabili ty and relevance of the found documents can be 

greater. The graph structure of the web can be exp loited by web structure min ing in order 

to improve the perform ance of the information retrieva l and to improve classification of 

the documents (Chakrabarti et al. 1998, Kleinberg et a l. 1999, Hou and Zhang 2003, Han 

and Elmasri 2004). 

Web Usage Mining: Web usage mini ng attempts to discover usefu l knowledge from the 

secondary data 40 btained from the interactions of the users with the web (Srivastava et al. 

2000). It aims to discover interesting and frequent user access patterns from web browsing 

data stored in the log fi les of web/proxy servers or browsers. The mined patterns can 

facilitate web recommendations, adapti ve web sites, and personalized web search and 

surfing (Eirinak i and Vazi rgiannis 2003), improve web structure and web server 

performance (Pei et al. 2000). Web usage mining is the target o f the research. So, it is 

dealt in the next secti ons. 

, Data from browser logs, user profiles, web servcr access logs, rcgistration data, user sessions or 
tronsaetions. cookies, uscI' queries, mouse clicks and any other data that is the l'CSult of intcrnction with the 
Web. 

22 

--------------------------------........... 



2.2.2. Application of Web Usage Mining 

Web usage data mini ng has various real world applicat ions. It could help to engage new 

customers, mai ntain current customers, track customers who arc leaving web site and so 

on (Abraham 2005). Massegl ia et al. ( 1999) also showed thai usage in formation can be 

extracted to increase web server effic iency by pre-fetching and caching strategies. 

a. Personalization 

In web sites, persona lization for a user is achieved by keepi ng track of previously accessed 

pages. Maki ng dynamic recommendations to a web server on the basis of customers' 

pro files ,in addi tion to usage behavior, is very attractive to many appl icat ions e.g. cross 

sales and up sales in E-Commercc (Mobashar el at. 1999). 

b. System Improvement 

Web-based systems may be prone to network traffic and security issues as long as they are 

open for access by lots of users from different corners of the world (Fawcett and Prouost 

1999). Cachi ng pol icy is a we ll known strategy for im proving the performance of such 

systems. Web usage mini ng can be used for deve loping policies for web caching, network 

transmission, load balancing or data distribution (Piroll i et a!. 1996, Qiang and Haining 

2003). 

c. Site Modifica tion 

The attractiveness of a web site, in terms of content and structure, is crucial for its 

usabil ity ($pi liopoulou 2000). Web usage min ing could provide knowledge on user 

navigation behav ior. Then, th is knowledge could be uti lized by web site designers to 

design the web site for users' ease of nav igation. Besides, structure of a website may be 

set to change automatica ll y on the basis of usage patterns discovered from server logs as 

in the case of adaptive website (Perkowitiz and Etzioni 1998, Pirolli et al. 1996). 
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2.2.2. Generalized Structure of Web Usage Mining 

Analysis of a web site usage cou ld range from straightforward statistical approach o f 

analysis such as page access frequency to sophisticated form of analys is such as the 

common traversa l paths through a web site (Chitraa and Davamani 20 10). As Hu ct a!. 

(n.d) clearly articulated in the ir work, web usage mining involves usage data gathering, 

usage data preparation, navigation pattern di scovery, pattem analysis and visualization 

and pattern app lication. These tasks could be generalized into the fo llowing three 

important phases: pre-processing, pattern discovery and pallcrn analysis (S ri vastava ct al. 

2000). These tasks are depicted below diagrammatically. 

Preprocessin 

g 
Pattern 
Discovery 

Pattern 
Analysis 

Raw 

Logs 

Preprocessed 

click strea m 

data 

Rules, Patterns 

and Statistics 

"Interesting" Rules, 

Patterns and 

Statistics 

Figure 2. 4: High level Web Usage Mining Process 
(Source: Srivastava et a l. 2000) 
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a. Data Collection 

Gathering of usage data concerns with acqu isition of users' usage data on web sites. 

There are two possible sources namely trial runs by humans and web log file (Hu et al. 

n.d). As these researchers claimed, utilization of humans' tri al runs is not a recommcnded 

data source for the mere fact that this source is costly and prone to biases. Rather, web 

log data is used as a typical data source for most of the web usage mining system 

developments. Log file is recorded whenever users ofa certai n web site send requests to 

the respective web servers (Srivastava et al. 2000). The log data could be co llected from 

web server logs, web proxy server logs or clients' browser logs. Meanwhile, each of the 

three web log data sources suffers from two major drawbacks as discussed by Hu et al. 

(n.d). 

Server-Side logs: Server-side logs are logs which show all requests towards a web site 

for a certain period of time. Generally, these logs supply the most complete and accurate 

usage data. Its two drawbacks are : 

• These logs contain sensitive, personal information; therefore, the server owners 

usuall y keep them closed. 

• The logs do not record cached pages visited. The cached pages arc summoned from 

local storage of browsers or proxy servers, not from web servers. 

Proxy-Side logs: Proxy-side logs are logs which show all requests that have been 

delivered via the proxy under discussion. A proxy server takes the HlTP requests from 

users and passes them to a web server; the proxy server then returns the results passed to 

them to the user. 

The two drawbacks associated with proxy-side log are: 

• Proxy-server construction is a difficult task. Advanced network programming such as 

Transmission Control Protocol (TCP) l iP is required for th is construction. 

• The request interception is limited, rather than covering most requests. 
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Clienl-Side logs: Partic ipants remotely test a web site by downloading spec ial software 

that records web usage or by modifying the sou rce code of an existi ng browser. HTIP 

cookies could also be used for th is purpose. These are pieces of infonnation generated by 

a web server and stored in the users' computers, ready for future access. 

The drawbacks oflhis approach are: 

• The design team must deploy the spec ial software and have the end-users install it. 

• This technique makes it hard to achieve compatibility with a range of operating 

systems and web browsers. 

Web Log File 

Cl icking links in a page o f a web site or giving the full URL onto the address bar of the 

browser would req uest the browser for the information and the browser requests the 

informa tion from the web server. Each request is recorded by the server in so-ca lled log 

files (Hu and Cercone n.d). Access logs contain requests for a given period of time. The 

time interval used is normally an attribute of the web server. In Fact, web servers may 

record others log files such as error log, agent log, or referrer log (!-Iu and Cercone n.d). 

There is a log file present fo r each period and the old ones are archi ved or erased 

depending on the usagc and importance. 

Currentl y, there are three log file formats which are based on American Standard Code 

for Inform at ion Interchange (ASC II) text fonnal. Each of them is described be low. 

W3C EXlended Log file Formal : 

It is a customizable fonnat with a variety of different fie lds that could be included whcn 

desired. In this format, time is recorded as UTC (Greenwich Mean Time). Here is an 

example log of such fo rmat. 

#Software: Microsoft Internet 

In fonnation Services 5. 1 

#Version: 1.0 

26 



#Date: 1998-05-02 17:42: 15 

#Fields: time c-ip cs-method cs-uri-stem 

sc-status cs-version 

7:42: 15 172. 16.255.255 GET Idefau lt.htm 

200 HTTP/ I.O 

Microsoft liS Log file Format: 

This format is non-customizablc which includes basic items such as user' s IP address, 

user name, request data and time, service status code and number of bytes received. 

Moreover, elapsed time, the number of bytes sent, the action and the target lil e may also 

be included in thi s fonnat. The items are separated by commas which make the format 

easier to read than other ASCII format that use spaces as separator. The time is recorded 

as local time. A hyphen (-) acts as a placeholder if there is no va lid va lue for a certain 

field . Here is an example log in this fonnat. 

192.168.11 4.201, -,03120/98, 7:55:20, 

W3SVC2, SALES I, 192.168.114.20 1, 4502, 

163, 3223,200, 0, GET, fDcptLogo.gif,-, 

172.16.255.255, anonymous, 03120198, 

23:58: I I, MSFTPSVC, SALES I, 

192. 168. 11 4.20 I, 60, 275, 0, 0, 0, PASS, 

/intra.htm, -, 

NCSA Common Log File Formal: 

This format is non-customizable and availab le for non-FTP sites. It records remole host 

name, user name, date, time, request type, HITP status code and the number of bytes sent 

by the server. Like W3C Extended Log file Format, items are separated by spaces. Loca l 

time is used to record time. Here is an exam ple log in this format. 

172.2 1.13.45 - REDMONDlfred 

[08/AprIl997: 17:39:04 -0800J "GET 
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Iscriptsliisadminlism.d ll?httplserv 

If ITP/ I .O" 200 340 I 

NCSA Combined (Ex tended) Log Fi le Formllf: 

This format is similar to NCSA Common Log File Format except the fact that three 

additional fields arc incorporated here. The addit ional rields arc referrer, user agent and 

cookie fields. 

Most of log files of web servers arc stored in a common log file fo rmal (CLFF) (Logging 

Control [n W3C Cont rol, 1995) or in an extended log file form at (ELFF) (\V3 • no year). 

Web serve rs can be configured to write difTerellt rields into the log file in difTcrcnt 

formats. The common fields used by web servers 10 record the tog rile are elaborated 

below. remoleiJO!J'I, rfc93 I. olllllllser, do/e, request, slalllS, byles, rejel'l'cr, IIser_ogenl. 

cookies. Each of these fie lds is elaborated underneath. 

f!rld .... me rkKrlpllon of Ih~!Mo1d ( .. llh fumplf) 

Rrmolf hO)I Rt lllGlf h"~ln."'~ ( Il' .ddrbli If l)olttlln N ...... s., n Itt (1)i\1)) hG~I ". nlt I~ "" I •• ·.II.blf ) 

t:: .. mplt: 

10. 128.4.240 

Th t "nJOlt IolEln nanlt Grlh . IIs.. •. 

rrc9J I t::u"'plt: 

,\urhu~tr Tht U:kr n_nlt ... lIh " 'hkh Iht IIR r h a~ au rh rntlurw hlmn:lf. 

f,u"",I.: 

-
[dRltr Ib l • • "d tlmr of Ih . rf4Iue.\1 .. -ilh Ih ..... b ~n·fr·I II" .. 7.Gn. 

t; umpl. : 

1201Juf20 10: 10: 17:J 7 + 0 1001 

MrC'q uo lM 'fh. fC'qUf-lli li n. uUlly .J ,I U nit from Ih. elkn!. II tGM!." Gf Ihrtt I uhfltld. : Ihf 

. fi l" f:'>1 '''t lhoo, Ihf U)Ou~. 10 lit In n, f. rrtt! • • "d Ih. II~ prolOf(l I. 

t:umplt: 

-GtTllfrrJ'/I. I M 

Si l i n Tht 1I'lTl' 111111. t OOf ~II",", 10 I~~ dknr. 

t:umpk: 

"" 
8 )"10 Thf fGl ltn l .It_ I I. of I •• documenl Inlld.r~. 

t: .. mplf : 

12079 
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-nfun .... Tilt uri Iht flitnl " 'Il OR ~fo", rtq~I; .. Iht IItI : II " 'ould .... n In Root lilt """ 

Rl«tnl. bookm ..... I)"ptd a IIMI, ( ~o..r from a h l~loI ry II,I or ha, « r1al a prna(") ftaluft 

actl ... lfd. 

bampl, . • Up:''''· ....... looa:k.tOmI!hlan&:q. ,\ddi,+/\ baba " .10 'nil)" 

-nlfr_.~u l - 1"I1t JO R .. · ..... Iht dif,nl (lalm 10 ~ lIoinl. 

[\amplt: 

- ~ 'odll.'4.11 ((onlpallll"'; ~ ISI r. 5.01 : WI"do,,'5l'oT 5.0r 

-Cookln- CtoIIklrli II.N II)" .htj 10 rolll'(1 nootr In fonnallon 

t:"nlplt : 

" I rSt;RI I>-Cu)lonl('rA; IMI' lt)oo(I IH4"" 

"' , "' I ab le 2. I . I he most eomlllonly used fields of clccess log filc entrIes by w(:b servers 

b. Usage I)a l:, Il'rcllroccss ing 

In classica l data mining: acti vities, preprocess ing is expected to abol ish problems in the 

data due to improper data entry. Despite the fact that human beings arc not directly 

in volved in the data entry o f web log data. the log data is usun lly noisy and ambiguous on 

behalf of requ ircments o f fi elds for the pallern di scovery (Chitraa and Da v:unani 2010). 

These researchers cla imed that usage data preprocessing is accomplished to ge t a set of 

minablc objects for a panieular web site (or scts of web sites). Accordingly, web log 

preprocessing consists of conven ing the usage infonnation contained in the various 

available data sou rces into the data abstractions necessary for patient di scovery. Usage 

data gatherin g and usage data preparation aTe encompassed at thi s phase. 

Accordi ng to Sri vaslOva et al. (2000), usage data preprocess in g is argua bly the Illost 

di fficu lt task in the web usage mini ng process due to the incompleteness ofava i:lab le data 

for pattern discovery. The input for this phase is raw usage data from sou rces such as web 

server while the output o f the preprocessing task is transaction fil e of lIser accesses. The 

detai led preprocessing o f a usage data proposed by Srivastava et al. (2000) is shown 

diagramm atical ly be low. In the diagram, the dashed lines arc optional preprocess ing paths. 

29 



Raw 

Usage 
Data -

Stat istic 
Site 

Structure ... 

Figure 2. 5: Deta ils of Usage Preprocess ing 
(Source: Sri vastava ci al. 2000) 
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Accordi ng to Thakarc and Oawali (20 10), data preparation is the most lime consuming 

task in web usage mini ng. Moreover, Pyle ( 1999) claimed that data preparat ion is c rit ical 

for the success of pattern discovery. The preparation task depends on both the nature of 

data and the type of analysi s (I'land ct al. 200 1). Raw log dala contai ns a vast amount of 

variant request enlries. The discovered assoc iations or reported sioti stics arc on ly useful if 

the data represen ted in the server log gives an accurate picture of the user accesses to the 

web site (Cooley ct OIL 1999) . Process ing of certain types o f requests would Icad to unfai r 

conclusions (e.g. , requests generated by spider engines). The same researcher revea led that 

stripping the data has a positive effect on proccssing time and the rl'quircd storage spacc . 

Usage data preparation is, therefore, about restoring the raw log data in a rcl iab le and 

consistent way. Removing undesirable entries, distinguishing among users, bui lding 

sess ions and restoring the contents o f a session arc some of thc tasks which arc discussed 

here. 

Cle~lRing Access Log Oatn (Ollta Cleaning) 

Web logs contain user acti vity in formation, of which somc arc not close ly relevant to 

usage mini ng and can be removed without noticeably affecti ng the mi ning. It is a web site 

specific step as long as tasks to be accomplished depend on the content and vo lume of the 

usage log which, in turn, depend on the web site itself (S rivastava et al. 2000). Here arc 

the tasks in removing undesirable entries: 
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Filterin g log image entries (G raph ics fil es): The 1-ln "l) prOioco l requires (l sepamte 

connection for every file that is requested from the web server (Cooley et al. 1999). 

Images arc automatically downloaded based on the HTML page requcsted and downloads 

arc recorded in the logs. Thus, log image entries may nOi help the usage mining and can be 

removed depending on the web site under considcration. The suffixes could be checked 

(.G IF, J PEG) for the removal. 

Filtering Dynillui e I'liges: Dynamic pages cannot be located on the web server as an 

indiv idual file s ince these pages arc bui lt by a specifi c engine using several data sources. 

Thus, dynam ic pages ca nnot be analyzed in a simple way. At the mean time. there is no 

standard for the structure of URL requests fo r dynami c pages except that parameters 

appear after the "?" in the URL which consist of name/value pairs. Therefore, dynamic 

pages can basica lly be filtered out by search ing for the question Illark in "request" fields of 

log entries. 

Filte rin g Requesl Methods : 1-ITrI)/ 1.0 allows seveml methods to be used to indicme the 

purpose of a request. The most often used methods ate get, head and post. Since using the 

get method is the only way o f requesting a document that cou ld be usefu l for usage pallern 

discovery. the request method filter ignores any other requests. "111e filt er exmnines the 

"request" field o f the log entry for the "get" method identifi er. 

Filtering lind Itcplacill g Escape ClUlfll cters: URL escape characters arc special 

character sequences made up o f a leading "%" character and two hexadecinUl I charncters. 

They substi tute special charncters in URL requests that could be prob lematic while 

transferring requcsts to different types o f servers. Special eha ractcrs arc s impl y replaced 

by sequcnces of standard characters. In most cases the task is on ly to replace these escape 

sequences wi th their representatives, but in certain instances URLs contain corrupted 

sequences that can not be interpretcd . In these cases the entries should be ignored . Corrupt 

sequences can be caused by Iyping errors of the users, automatica ll y generated robot 

requests, CIC. 
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Filtering Unsuccessful Requ es ts : II is common occurrence to face failed requesls in 

surfing of sites and such requests arc also recorded to Ihe log file . The user docsn'l use the 

requested page to navigale through Ihe site since the error page doesn' t provide any link 10 

follow. Thus, fai led requests need to be removed. The failed requests could be checked oul 

using the status fie ld of Ihe log enlries. Here is elaboration of the most im porwl1t status 

codes as defi ned by Grace el al. (20 II ). 

lxx In fo 

I·r rrp _INFO - Req uest received, continuing process 

100 Contin ue - HTT? _CONTINUE 

101 Swi tching Protoco ls -I-rrTI)_SWrrCHI NG_PROTOCOLS 

102 Processing - HTI'PJ)ROCESSING 

2xx Success 

!-In'p _SUCCESS - action success ru ll y received, understood, accepted 

200 OK - HTT? _OK 

201 Crcated - HTrl'_CREATED 

202 Accepted - HTTI' _ACCEPTED 

3xx Redirect 

HTTP_REDIRECT - Theclient musllake additional action to complete the request xx Inro 

30 I Moved Permanentl y - Hr r p_MOVED _PERMANENTLY 

302 Found - I-ITrP_ MOVED-,fEM ?ORARILY 

304 Not Modi fied - IITr? _NOT_MOD IFIED 

4xx Clien t Error 

HITP _CLI ENT_ERROR - The request contains bad syntax or cannot be fulfilled 

400 Bad Request _ I-rn? _BAD)tEQUEST 

401 Authorization Required - HITP _UNAUTHORIZED 

402 I)ayment Required - HITP_PAYMENT_REQ UIRED 

404 Not Found - 1-ITrP _NOT JOUND 

405 Method ot Allowed - HTTP_ METHOD_ 'OT __ ALLOWED 

5xx Server Error 

l-rrrJ>_SERVER_ ERROR - The server failed to fulfill an apparently valid request. 
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500 Internal Server Erro r - I-I'ITP I TERNA L SERVER ERROR - - -
501 Method ot Implemented - I-rrrp _NOT) MPLEMENTED 

505 rviceTemporari ly Unavailable- Hn-P_SERV ICE_U AVA ILABLE 

505 TP Version Not Supported - i-ITIP_ VERSION_NOT_SUPPO RTED 

Fillering Robot/S pider transactions/Automated agents: A robot. also known as spider or 

crawler, is a program that automati call y fetches web pages from their respective 

reposi tories. It is lIscd t.o feed pages to search engines or other intended sofi wares. Tan and 

Kumar (2002) claimed. that requests from robots and other so ft warc agents have to be 

removed from the raw log data as such requcsts don' t reflect human nav igation behnvior. As 

robot-access patterns ar.e usually different from human-access patterns, many of the robot 

accesses can be detecl~:d and removed from the logs. The agent field of the wcb log datu 

could be checked to di st inguish the availabi lity of such record s in the log. 

Fillering Requ csi URLs for a n onmin mime: A URL of a page request consists of a 

domain name and the path of the requested document relati ve to the public dir(!Ctory of the 

domain. Since the domain name is not ambiguous to the responsi ble \\ cb scrver, it stores 

only the relative path of the request in the access log files. without the domain name. 

However, log file entries tend to conta in the whole abso lute path in a few cases. This leads 

to mapping errors durin g data integration as long as the mapping table contains o nl y relative 

paths and compari son is based on paths simi lllrity. For these reasons, II URL in tthe "request" 

fie ld has to be trans formed 10 the relative format. 

Attribute Selection : It is common task to reject some fields which arc found irrelevant 

for pattern discovery. For example, the file size (bytes) field is not impo rtant for 

association mining. 

Normalize uniform reso urce localion (URL) (typicall y for request fi e ld) and parse any 

common gateway inter face (eG I) data (typica lly for referrer field): In lOIS of \\eb 

servers, request fo r variants of URL such as www.aau.edu.el.aau.edu.et. aau .edu.ell, 

www.aau.ed u.ellindex.php and others return the same result. Therefore. normal ization of 

the URI is a basic need as far as data cleaning is concerned. Besides, a CG I data need to 

be parsed and the name/va lue pairs need to be broken into separate fields. For example. Inc 
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rcfcrrcr field hl1p:l/www.google.comlscarch?hl=cn&q=addis+ababa+univcrsity+adrn i551OO+ 20 I 1 

is a COl data cOnlaining a rc fcITcr name and the requested value separated by the sym bol'(" So, 

thi s must be partit ioned into the two separate calcgories (Srivastava ct al. 2000). The 

request "GET/ I-ITfP/ I .O·' missed the request URL. Thus, normalization is expected 10 rill 

the missed req uest. 

Dislinguishing lImong IIsers (Usc r Idcntifi clltion) 

!-Iu ct al. (n.d) derined a web user as an individual that accesses files from onc or morc 

web servers th rough a browser. Accordingly, a web log records users ' activi ti es 

sequentia lly accord ing to the ti me each occurred. Moreover, requests o f a user may be 

distributed in requests of other users which lend to make user identificati on tough. In ordcr 

to study the actual user behavior, users in the log must be distinguished. 

Registration is the first method to iden tiry users. Contrary to intranet applications where 

users arc req uired to identiry themselves by rollowing the login process, user iden ti fication 

is much more complicated in the case or public domains as internet protocols such as 

HTIP and TCP/IP do not req uire user authorization rrom client applications (e.g .. web 

browser). Thus, thi s method may be used ir the web site requi res authentication where 

users have to rollow a login process eaeh time they want to browsc web sites. 

Cookies arc the second mcthods to distinguish users in web sites. In this method, explicit 

uscr authentication is not req uired. Rather, servers can use so ca llcd cookics', user specific 

fi les stored on client machines. Each lime a user visits the same liles, the server can 

obtai n user inrormation rrom stored cook ies. Eirinaki and Vazirgiannis (2003) and 

Huysmans ct al. (2003) used cookies to identiry users. However, utilization or cookics ror 

identification purpose is prone to two problems. Firstl y. the users can lock the usc or 

cookies, so a web se rver cannot store inrormation locally in the user machine. Secondly, 

the user can delete the cookies. 

As a third method. web users could also be di stingu ished through their IP address recorded 

in the log file. This also has two drawbacks. Fi rstly, difTerent users can be regi stered with 

5 Cookies are doro Sl!'nt by thl!' Sl!'fVl!'r to thl!' clil!'nt; dora is locally storl!'d in coollil!'s and Sl!'nt to rhl!' Sl!'rvl!'r 

with each requl!'st (WCA, ZOll ). 
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ident ical lP address. Second ly, the same user can be registered with diffe rent III addresses. 

Fonunalcly, the fi rst problem could be alleviated wi th the help of session identification in 

identi fying a user with IP address. For recogn it ion of general uscrs' pattern , the second 

drawback is not a big dea l (Etminani ct al. 2009). 

Combination of these methods and other features has been suggested for bell Cf uscr 

identi fication. Cooley ct al. ( 1999) suggested II) address and browser agent type as a 

unique user identification pil ir for accurate identifi cation for US<lgc pattern thaI is based 

solel y on access log files. This is suggested by the expectation Ilwt a user rarely lIses 

combinations of browsers at a time. According to the claim of this method, each uniq uc IP 

address and browser agent pair shows a unique user. Combination o r II> and re rerrcr field 

is also used as a heuristic or user identification. Howcver, this method rail s to work ror the 

si tuations where the user types the URL directly to the add ress ba r or uses bookmarks. At 

the mean timc, some researchers such as Bagl ioni et al. (2003) used Il'/cookie pairs ror 

user identification. 

Session IdenlifiClltion 

For logs that span long periods or time, it is very like ly that ind ividual users will visit a 

web site morc than once or their browsing may be interrupted. TIle goal or sess ion 

ident ification is to di vide the page accesses or each user into indi vidual sessions 

(Sri vastava et al. 2000). 

Accord ing to the cla ims by SpiliopouJou et al. (2003), there is no best heuristic ror all 

cases. Session reconstruction could be accomplished usi ng time-orien ted heuri stics or 

navigation-oriented heurist ics. The time-oriented heuristics is, in Hlrn, viewed in two 

angles. The fi rst tends to assume an upper bound threshold on the tillle spent in the entire 

site during a visit. The second assumes an upper bound on page-stay time to create newcr 

sessions. That means, long time elapses between pages is considered. Navigalion-oriented 

heu ristics may use rererrer fie lds or site topology (Spil iopoulou et al. 2003). 
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Here is an algorithm for session identification: 

Inpu t: L.ILI • .6.t//the log entries. the num ber of log entries and a time threshold 
Ou tpu t S,ISV/scss ion 
for each Li of L 

end for 

if METHOD, is 'GET' and URL, is ' WEBPAGE' 

end if 

if ) Sk <:: OPEN_SESS ION with IPk= IP, thcn 
if « TIME, -END _ TIMES(S.» then 

Sk= (11\ . PAGEt u URL,) 

else 

end if 

clse 

end if 

CLDSE_SESSION (S. ) 
OPEN_SESSION (II'" URL,) 

OPEN_SESS ION (II'" URL,) 

Figure 2. 6: A session identification algorithm in WUMprep 1001 

A time threshold is usually used 10 identify sessions and it is ca lled session limeOIlI . If the 

time between page requests exceeds a certai n lime limit, it is assumed that Ihe user Slarts a 

new session. Th irty minute is used as a default ti me oul in many commercial web usage 

mining products. 

Path Completionl Restoring the Contents ofa Session 

Activiti es like web caching and using the back bUllon of a browser are common whi le 

surfi ng the web. These acti vities will cause in formation discontin uance in log file. Le. 

some requests may not be recorded in the log file which could mislead the user sess ion 

(Cooley et al. 1999). So. important accesses Ihal arc not recorded in Ihe access logs need 

to be added to the user session at this step. This task could be accomplished using referrer 

field and site topology. 

Transaction Identificat ionl Episode Iden tification 

Given a user session file, it may be considered as a single transaction of man y page 

references or a set of many transactions each consisting of a single page reference. 

Transaction identification is intended for creating meaningful cluslers of references for 
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each user. Therefore, the task of identifying transactions is one of either di viding a Jarge 

transaction into multiple smaller oncs..<fividing or combin ing smalilmnsaclions into fc \\cr 

larger onc-merging. Let L be a SCI of uscr sess ion fil e. For a session cntry r € l , the fields 

I. ip: Ihe client III address, I.uid: the client 's uscr id, I.url: the URL of the lIcccsscd page, 

and Llime: the access lime arc found impor1ant as clements of the transactio n. l ienee, a 

general transaction model is shown below. 

There arc three dividing approaches for transaction idclltil1c'llion: reference length , 

maxim um forward rcR:rcncc (Chen ct al. 1998) and lime window (Cooley cl al. 1999). 

Reference Length A,)pro:lch; This approach claims thatthc 31110unl oftirnc a llscr spends 

on a page correlatcs 10 whcthcr the page should be classified as auxiliary or contcnl page 

for Ihe uscr. Accordingly, a cut off time Icngth, I, could be ca lculated a maximum 

likelihood eslimate provided Ihm a percentage of auxiliary referenccs is Hivcn. '1l1e 

auxiliary references pcrcentat:;c can be estimated based on Ihe struclure and content of the 

site or experience of the data analyst with other server logs. Let y be the pcrcell t:lge of 

auxili ary references. ).. be reciprocal of observed mean reference length . Then, upon 

integration of exponent ial di stribution from y to O, lhe cut offlcngth could be given as: 

- 111(1 - y) 
I = -------------------------2 

Ie 

When using Ihis approach, Ihe genera lized transaction model of I above will be as 

follow: 

t=<ip., uidh {(I!I.url, 1!I.time. 1!I .length), .... (I!m. url, I!m.time, 1!I.lenght)} > 

, I'" I' 'd 'd 3 Where for 1<- k <- m, I" € L. ~. IP= I Pt. t.UI '9l1 1"-----------

The length of each reference is estimated by laking the difference bct\\ ccn Ihe time or the 

next reference and Ihe cu rrent reference. 
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Once thc cut ofT length is computed, thc pages will be added 10 the Imnsaclion by 

checki ng thc fo llowing two conditions. In the case of auxiliary pages: 

for I S Ie s: (m -1): I~' Jength S c (llId Ie = m :".t Jength ~ c, the respect ive pages arc 

added to transaction . Whereas content·only pages that S<ll isfy the cond ilion 

for' :s: k S m: I~ Jength > c arc added to the transaction list. 

Max imum Fon¥urd I~efcrcll cc (M FR) App roach: According to MFR approach of 

transact ion identificat ion, the maxi mal forward re ference pages arc the content pages nnd 

thc pages that lead to each maxima l forward reference arc auxiliary pages .The approach 

adds page access entries to a sess ion list up to the page before a backward rderellce is 

made. l3ackward re ference is defined 10 be a page Ihal is already contained in the sci o f 

pages for the current tmn saclion. In that case, il starts a new session li st and goes on with 

iterat ion. For example, an access sequence of A D C B DEE E F G would be broken inlo 

four Iransactions, i.e. ABC, D D E, E, and E F G. MFR approach docs nOI require an 

inpul parameter that is based on assumptions about a part icular sct o f data. In Ihi s aspect, 

il is preferable to Reference Length (RL) approach. Meanwhi le, MFR has two drawbacks. 

Firstly, it docs not consider that some of the ';backward" references may provide usefu l 

inform ation. Second ly, it may inelude entries within the 5.1me session even if 3 week 

elapscd between them. The gcneralized transaction mode l in 1 above works for MFR 

approach. The MFR approach uses all the fields Ihat have been suggested for RL 

approach. Besides, the re ferrer page from which a request has been made is useful for the 

approach. 

Time Window ApprO:lch: This approach di vides page accesses for a user using a time 

window. This window or time interva l is suggested to be approximately 30 minutes (Hay 

et al. 2003), (Cooley et 31 1999), (Xing and Shen 2004), (Cat ledge and Pitkow 1995). 

c. Navigation Pattern Discovery 

According to Han and Kamber (2006), pattern discovery draws upon methods and 

algorithms developed from several fields such as statistics, data mining, machine learning 

and pattern recognition. Moreovcr, pattern discO\'ery is about looking for intcrestin g uS.1ge 
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patterns out of the prepared log dala . This is accomplished using algori thms like 

sequent ia l pattern generation, assoc iat ion rule mining or clusteri ng (Cooley CI 81. 1999). 

Sequential Pallcrn Generation : Agrawal and Srikant (1995) described sequenti al pattern 

discovery as the problem o f discovering sequential patterns to rind in ter Irans.1clion 

patterns such that the presence of a sci of items is fo llowed by another it em in the ti me­

stamp ordered transacti on sct. Each of the fo llowing three systems tlses a variant o f 

sequentia l pattern generation to find nav igation patterns. 

Web Ut ilization Mi ner (WUM) which was developed by Spiliopoulou and Fnu lslich 

(1998) was used to d iscover nav igation patterns lIsing an aggregated material ized vicw of 

the web log. Thi s technique orYers a mining language that experts can usc to specify the 

types of patterns they are interested in. Usi ng this language, only patterns having the 

specifi ed characteristics are discovered, while uninteresting patterns nre removed early in 

the process. 

MiDAS which was deve loped by Buchner et al. ( 1999) extends trad it ional seq uence 

discovery by adding a wide range of web-specific features. In thi s system, new domain 

knowledge types in the fonn of navi gational templates, web topologies, syntactic 

constraints and concept hierarchies havc bcen incorporated. 

Chen CI a l. (1998) proposed a method to convert the original sequence of log dnta into II 

set of maximal forward references. Algori thms are then applied to determine the freq uent 

traversal patterns, i.e ., large reference sequences, from the maximal forward references 

obtaincd. 

Association Rule Mining: Association rule discovery can be used to find unordered 

correlations between items found in a set of database transactions (Agrawal and Srikan t 

1994). In the con text o f web usage mining, assoc iation rules refer to sets of pages that are 

accessed together with a support val ue exceeding some speci fied threshold (HU et 31. n.d). 

OLAV (O n-Line Analytical Processing): OLAP is a c!1legory of software lools Ihat can 

be used to analyze data stored in a database. It allows users to analyze difTerent 

dimensions of multidimensional data. For example, il prov ides time series and Irend 
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anal ysis views. According 10 Zaianc ct al. ( 1998), Wcb LogMi ncr uses the OLAP method 

to 3nalYLc the web log data cube whi ch is constructed from a database cOllwining the log 

data. Oal'a mining methods such as assoc iation or classi fication arc then appli ed to the data 

cube to predict, class ify. and di scover interesting patterns and trends. OUchner CI al . (1998) 

also made use of a generic web log data hypercube. Various online analyticol web usage 

data min ing tech niques arc then applied to the hypercube to revea l marketing intelligence. 

A model by Borges and Levene (1999) showed navigation records in terms of (l hypertext 

probabil istic grammar, which is a probabilistic regular grammar. For th is grammar, each 

non-terminal symbo l corresponds to a web page and a production ru le corresponds to a 

link between pages. The hi gher probability generated strings of the grallllllar correspond to 

thc user's pre ferred trails. 

WAJl-Tree: Pe i et a l. (2000) proposcd a data stnJcture WA il-tree to store highly 

compressed , critical information contained in web logs, together wi th an algorithm WA]>­

mine that is used to d iscover access patterns from the WAll-tree. 

d. Pattern Analysis and Visualization 

]>attern analysis is about undergoing further interpretation and vi sua lization of the 

d iscovered pattern (s) before app lying the discovered rules to usefu l application 

(Srivastava et al. 2000). Accordingly, navi gation patterns need furthe r anal ys is and 

interpretation before application. The analysis usuall y requi res human intervention. 

Otherwi se, it is distributed to the two other tasks: navigation pattern discovery and pall ern 

applications. Navigation patterns arc norma lly two-dimcnsional paths that are difficult to 

perce ive if a proper visua lization tool is not supported. Srivastava el al. (2000) claimed 

that a use ful visua lization 1001 may provide two functions. Firstly, it displays the 

discovered navigat ion patterns clearly. Secondly, essential functi ons for manipulating 

nav igation patterns such as zoom ing, rotation and scaling arc provided. 

Hong and Landay (200 1) developed WebQuilt system which allow captured usage traces 

lu be aggregated and visualized in a zooming interface. TIle visualization al so ::.how::. the 

most common pmhs taken through the web site for a given task. as we ll as Ihe optimal 

path for that task as designated by the designers of the site. 
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e. Pattern Deployment 

Pattern deploymen t is about applying appropriate discovered navigation patterns to an area 

or interest such as improving web site design, making additional product and lopic 

recommendation, improve web personalization, schema mod ification, web site and web 

server performance, fraud detection and future prediction or learning users' behavior. 

Web Site/Page Improvement: The most im port<lnt appl ication of di scovered navigOlion 

patterns is to improve the web sites/pages by (rc)organizing them (Ivory and Ilcarsl 2002). 

Olher than mOl1ua l ly (rc)organizing the web sites/pages, there IIrc sOll1e other automatic 

ways to achieve this (Ivory and Hearst 2002). Adapti ve Web siles, as suggested by 

Pcrkowitz and Elz ioni (2000), automatically improve their organ iz'ltion and presentation 

by learn ing from visito r access patterns. Such sites mine the data buried in web server logs 

to produce easily navigable web sites. Clusteri ng min ing and conceptual cl ustering mining 

techn iques arc applied to synthesize the index pages, which arc ccnt ral to sitc 

organization. 

Addi tiona l Topic or Product Recommendation : E·coillmercc web sites use 

recommender systems or co llaborative mteri ng to suggest prod ucts to their customcrs or 

to provide consum ers with infonnation to help them decide which prod ucts to purchase. 

For exam ple, each account owner at Amazon.com is presented with a section of ' Your 

Recomm endations' which suggests add itional products based on th e owner" s previous 

purchases and browsing behav ior. Various technologies have been proposed fo r 

recommender systems (Srivastava et al. 2000et al. 2000) and man y elect ron ic cOlllmerce 

sites have employed recommender systems in thei r sites (Schafer et al. 2000). For further 

studies, the GroupLens (20 11 ) research group at the University of Minnesota is known fo r 

its successful projects on various recommender system s. 

Web Personalizalion : Web personalization (rc)organizcs web sites/pages based on the 

web experience to fit individua l users' needs (Mobasher el al. 2000. pil iopou lou 2000). It 

is a broad area that includes adapti ve web siles and recommender systems as special cases. 

The WebPersona lizer syslem by Mobasher et al. (2002) uses a subset of web log and 



session clustering tech niques to derive usage profiles, which arc then used to generate 

recommendations. An overview of approaches for incorporating semantic knowledge into 

the web personalization process was given by Dai and Mobashcr (2003). 

User Behavio r Studies: Knowing the users' purchasing or browsing behavior is It cril ica l 

faclor for the success of c-commerce and other businesses. The 1: I Pro system by 

Adomavicius and Tuzhilin (200 1) conSlnJCIS personal profi les based on customers' 

transactional histori es. The system uses data mining techniques to discover a sci of rules 

describing customers' behavior and supports human ex perts in va lidating the rules. Chen 

ct al. (2002) proposed an algorithm to cluster web lIsers based on thei r access pallerns, 

which arc organized into sessions representing episodes or intcraction between web users 

and the web server. Using attributed oriented induct ion, the sessions are then general ized 

according to the page hierarchy wh ich organizes pages according to thei r generalities. The 

generalized sess ions nrc fina lly clustered lIsing a hierarchical clustering method. 

Web Caching: Another application worth mentioning is web caching which is the 

temporary storage o r web objects (such as I-ITML documents) for later retrieva l. There are 

significant advantages or web caching like reduced bandwidth consumption. reduced 

server load and reduced latency. Together, they make the web less expensive and improve 

its perrormance (Davison 2001). Web caching may, in turn, be enhanced by navigation 

patterns. Lan et al. (1999) proposed an algorithm to make web servers "pushier." The 

document to be pre- retched is detennined by a set or assoc iation ru les mined rrom a 

sample or the access log or the web server. Once a rul e or the rorm "Document1 -7 

Document2" has been identified and se lected, the web server decidcs to pre-fctch 

"Document2" if "Documcnt I" is requested . Web page pre-fetching methods based on 

access log info rmation arc described in Nanopoulos et 31. (200 1) nnd Schechter et a1. 

(1998). 
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----------------------.............. . 
2.2.3. Related Works 

Different aspects of web usage min ing have been addressed by various scholars in the past 

few years. Each orthe researchers attempted to explore various aspects ort he web mining 

endeavor thaI ranges from deve loping a web min ing archi tecture to application of dma 

mini ng techniq ues for web min ing. 

Among many, Shell ct al. ( 1999) have claimed that they have presented a morc efficient 

approach for web access assoc iation mining. Their approach consists orlhrcc steps namely 

transform raw web logs to a relation table, convert the relation wblc to a co llection of 

access transactions and mine the transaction collection to exlract assoc iation rules. They 

introd uced what they called 'an e ffic ient associat ion mining algorith m' which is, in fact. 

based on the Apriori a lgori thm. They used a one hour time duration for a session. 

He and Ooker (2000) tried to detect the possible session boundaries from a web log data. 

They underlined the im portance of detecting session boundaries as it is essential to 

establish a common context for various stat istics relating to user sessions and frequency of 

user acti vities. The researchers discouraged mak ing sess ions in web log based on the web 

log data that has been made available from one user or ]]> address under the umbre lla of 

one sess ion regardless o f the length of time covered by the logs. 

Bati sta and Silva (2002) applied data mi ning techniques for web usage mi ning of an 

onl ine newspaper. Us ing a web access log fi le, they ge nerated association rules unci 

clustered the web site's URLs for personalizing the web services based on the reading 

pattern of the users. 

Baglioni et al. (2003) undertook a research on preprocessing and mining of web log data 

for personalizat ion purpose. They aimed to extract models of the navigational behavior of 

web site users. They have given an emphasis for the preprocessing step and the 

importance of domain knowledge for cleaning, correct ing and completing the input data 10 

prov ide ontology of web page semantic. 
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Mckonnen (2009) undertook a research on web usage pattern discovery of AA U official 

web site. He used combination of stalislical analysis and data mining approaches for 

discovery afthe pattern discovery for the web site. As rar as data collection orhis research 

is concerned, he used web logs of three months duration of the year 2007. Then, he used a 

Weka pl ug in ca lled WUMPrcp4 to clean the raw log and develop session file and 

transform the session file to a format that is compatible to Apriori algorithm of Wcka by 

developing hi s own algorithm . Regarding usage patterns pancrn of the research. 

association mining, i.e. di scovery of common pages of the site that arc accessed together, 

was accomplished for the prepared transaction file . Besides, he used Mach5 statistical 

analyzer tool to discover possible stati stical reports of the web log record. Finolly, he 

recommended to usc combinat ion of statistical analysis and data mining based pattern 

discovery for discovery of efTective usage patterns of web sites. Mean while, his research 

has not considered sequences in which pages of the site are visited. Indeed, discovery of 

common nav igation sequences is very important in wcb site redesign more th<lll common 

pages that are accessed together because common navigation sequence encomp<lsscs 

common pages that arc accessed together. Furthcnnore, the datasct was not I<lrge enough 

to illustrate better usage patterns of the site. 
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CHAPTER THREE 

METHODOLOGYOFTHE RESEA RCH 

3.1. Overview 

Sri vastava ct al. (2000) developed a model for web usage mi ning. Th is methodology was 

employed for the di scovery of users' navigat ion patlcrn in the official web site of AAU. 

The tasks in the methodology arc: 

• Web log preparation 

• Pattern discovery 

• Pattern ana lysis 

Preprocessi Pattern 
Pattern 

[;] t Preprocesse r-----, 1 .... ------.. 
RLOagW, L..;d;:;;cI:.;iC.:k:..:;::.:;.....I -""1.'" Rules, ~ "Interesting" 

Patte rns and Rules, Pa lle rns 
~ ';A~_ .... ~ . ~ 

Figure 3. I: High level Web Usage Mining Process 
(Source: Srivastava ct al. 2000) 

Tools and technologies that were used during the pattern discovery as well as web log 

preparation, pattern discovery and pattern analysis are discussed in subsequent sections. 
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3.2 . Tools Selection 

3.2.1. Tools for Log Preparation 

• W UMPrcp: WUMPrcp is a java based open source software . It is used 10 liller raw 

logs, generate session fi les, and remove robot accesses. The tool has tl configurat ion 

edi tor in which all sorts of acti vi ties to be accomplished arc SCI. Once the 

configuration is saved at the same directory with the raw log fi le, perl scripts arc 

avai lable which could be run to perfo rm desired preparation. The I'erl scripts include 

rcq ucslFiltcr. pJ, scssionizc.p l, session Filter and others. The researcher selected the 

tool regarding the fo llowing conditions. Firstly, the tool is very good at detecting and 

remov ing non-human requests and automatically downloaded graphics file provided 

that the uscr of the too l feed all appropriate data of the log files. econd ly, the tool 

uses time-based heuristic in developing user sessions o r the human requests. Thirdly. 

it is the on ly rree ly avai lable log preparation tool that could be accessed by the 

researcher. 

• Py lhon 2.6.4: Once WUMPrep is utilized in preparing the raw web log data, the 

output is user session file in which requests o r the 5.1me session ID arc scattered 

across the file . Th us, series or text-based preparation should be accomplished to get a 

data rormat that is compatible wi th the se lected Weka 's algorithms. Thus, python 

programm ing language was selected ror the reason that python is very suitable ror 

text process in g tasks. Besides, it is open source software that the researcher could get 

rree o r charge. 

3.2.2. Tool for Usage Pattern Discovery 

Weka is used ror the discovery o r usage patterns. It is a rreely available doto mining tool 

which is widely used in data mining researches and projects. The tool has preprocessing 

reature and it incorporates clustering, association and classification tcchniques along with 

sets or algorithms. T he tool cou ld be used in one or the rour modes: Simple Command 

Line Interrace (CLl), Experi menter, Explorer and Knowledge flow. 
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The most common fil e fo rmat for Wcka is Attributc·Rclation Fi le Format (ARFF) files. 

Indeed, other file formats such as CSV data files, C45 names riles, and Binary serialized 

instances could be used as input to the tool. ARFF files have three sections: retatio n, 

attri butes and data. The relation contains the name of the relation with '@Relution' lag. 

Attributes are de fined at the attributes section with thc '@attributc' lag and c(leh o f the 

log transactions arc written onto the data section of the ARFF rile formm. Only the 

header is tagged with '@dala' tag. At thc mean time, comments in the arf[ fil e could be 

written by preceding '%' character at the beginn ing of each line. 

The researcher selected Wcka data minin g too l on consideration of the fol lowi ng facts. 

First ly, the popular algorithms for assoc iation mining such as Apriori and FP Growth arc 

implemented in Weka. Secondl y, the tool is available for free . TIlirdl y. the researcher is 

we ll experienced in using of the tooL 

3.2.3. Tool for Statistical Analysis 

Mach5 Analyzer has been selected to analyze the log records statistica lly. Thi s tool is 

selected as it is recommended by researchers and its report is found very important and 

help ful. The 1001 reports on rate of page accesses, entry and exi t pages in the web site and 

others. 

3.3. Web Log Preparation 

The raw log fil e that was collected from the server of the o ffi cial web s ite o f AAU was 

not clean enough to be used in discovery o f valid and appropriate usage pal1erns. Thus, 

the fol lowing preparation tasks were performed. 

3.3.1. Data Source Identification 

Possible data sources for web usage mining include web server log, site map, and 

previous usage statistics. This research mai nly employed web server log file due to the 

fac t that Suneetha and Krishna (2009) and Cooley et al . ( 1997) recom mended log data for 
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usage pattern discovery. Indeed, the site map of the web site was utilized one way or 

another. Moreover, a few usage statistics were uscd. 

The input data fo r the research was web server log of official web site of AA U. The 

server log contains access log, error log, SSL access log, SSL error log [llld SSL request 

log fi les individually. 

Server Error Logs: It is a fil e where any sort of errors encountered in processing of 

requests are recorded. Deta ils of what went wrong and techniques to fix the problem arc 

often contained here. In facl, it is the first place to look when [l problem occurs when 

operating the server. The fonnat of the error log is relati ve ly free-form [lnd descripti ve. 

But there is certain information that is contained in mosl error log entries. For e.'(ample. 

here is a typ ica l crror log record : 

mill Dec 02 09:50: 142010] {error] [diem 66.249.67. 11 Ii n IP NotIce: Tr),iffg 10 gel property 

of non-object iff h ar/www/aall_ web/componellls/oom _{!\'ellls//ibrariesldatamodel php 011 /inc 62 

From the above error log record, the first item in the log en try is the date and time of the 

message. The second entry lists the severity of the error being reported. The third entry 

gives the IP add ress of the eli ent that generated the error. The fourth item is message of 

the respective error, which in this case indicates that the server hus been configured to 

deny the cli ent access. 

It is nol poss ible to customize the error log by add ing or remov ing information. However, 

error log entries dealing with particular requests have correspond in g entries in the [lCCCSS 

log. For example, the above example entry corresponds to an access log entry wi th SI[lluS 

code 403.As it is poss ible to customize the access log, you can obtain 1110re infonnation 

about error conditions using that log fil e. 

Secure Sockets Layer (SSL) log: This log stores dedicated SSL protocol engine log 

files. The SSL log may be SSL aeess log, SSL error log or SSL request log. Section c. d 

and e of Appendix 0 respectively show sample files for these logs. 
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Server Access Log: It is a type or web log file which records all requests that have been 

processed by web servers (sri vastava et al . 2000). Its location and eOnlent cou ld be 

configu red as to the admini strators' desire. 

Among these log types, access log is employed in this research. In thi s case, the ncecs 

log contains remote host JP, remote log in name, user 10 , date, time and web server timc 

zone, request URL, status code, bytes, rererrer and user agen t. Below is a sample access 

log record rrom the server log. 

66.249.67. 167 - - [1 9/DccI2010:04:36:27 +0300] "GET lindcx.php/ndmissions 

HITP/ I.I " 200 "-" "Mozi tla/S.O (compatib le; Googlebotn.l ; 

+http ://www.google.comlbot.html) .. 

Figure 3. 2: An access log rrom the web server or AAU omcial wcb site 

In this log record, the rollowing inrormation cou ld be obtained . 

Client IP address rrom which a req uest has been made: 66.249.67.167 

Remole log on 10: unavailable-as shown by dash (-) 

User authentication ror the web site: unavai lable-as shown by dash (-) 

Date and time at which the request was sent to the web server: December 19, 2010 lit 

04:36:27 +0300 (hour, minute, second and time zone or the web server respectively) 

Request: GET/index.php/admi ss ions l-l1TPl l.l (mcthod or request: GET, request: 

l index. php/admissions and request protocol: Hn-P/ I.l respectively) 

Status code : 200 (ok: for Apache Server 1.3) 

Bytes: unava il ab le-as shown by dash (-) 

Referrer: unavai lab le-as shown by dash (-) 

User agent : MozillalS.O (compatib le; Googlcboli2. l ; 

+http://www.google.comlbot. him I) 

The raw log data is not suitable for direct applicat ion of usage min ing algorithms. The 

data needs to be cleaned and preprocessed. The fo llowing tasks were accomplished to 

prepare the data. 
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3.3.2. Log Partitioning 

Every request for a page is recorded onto a web log record which, in !Um, lends to make 

access web log huge. Consideration of the collected access log from the web scrver 

discloses the fact that the access log of a period of one week weighs from 30MB to 

100MB. Then, it is very tough task to think of preprocessi ng all access logs at once. 

Thus, the access log was partitioned into fi ve separate fil es. The division is on 

consideration of the web Jog access lime. Indeed, each log file almost cOilIains logs of 

four weeks. Each of the following log preparation tasks arc appl ied on the divided log 

files. 

3.3.3. Log Cleaning 

As claimed by Chitraa and Davamani (20 I 0), the discovered usage patterns will be valid 

if and onl y if human access pages arc considered from the web log records. For thi s 

reason, non human requests such as automatically downloaded graphic Iiles or robot 

accesses arc removed at this phasc. It is known that graphic Iilcs are automatically 

downloaded and recorded onto the log file along with human request for files (Cooley et 

a1. 1999). Requests which are not accessed by humans arc distingu ished from others. The 

file extension approach is employed for removal of non-human accesses. On this regard . 

requests which contain onc of the file extensions shown below arc considered as non­

human request. 

S. No File Extensions Justifications 

I. .JPEG/JPG, .GIF, .PNG, Graphic files th at arc au tomalicall y 

.CG I, .Js and .leo down loaded without the nOlice of web 

users. 

2. .CSS Cascading style sheets files thai arc 

embedded to wcb pages for the 

appearance orthe page 

- no s Table 3. I: File extenSLons thai show non human cesse 
(Source: Cooley ct al. \999) 
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Failed requests are also removed. This task was achieved by consideri ng values of the 

status code as elaborated in chapler two of the paper. Moreover, dupl icated request for 

pages were filtered by using duplicate filter timeout. Furthcmlorc. URLs which arc 

known to return the same page upon request were nonnalizcd to onc of such URLs to 

avoid difficulties of gett ing difTerent statisti cs for directories which bring the same page . 

WUMprcp uses the following algorithm to clean the raw web log records. 

Algorithm: Filter only successful human requests 

Input: WebLogFil e, a Iile containing raw web log records 

Output: Cleaned Log, cleaned log record 

read log entries from the log file WebLogFilc 

for each entries in the file 

read fields (URL-stem)lIURI-stem indicates the target URL 

if a field does not contai n uninteresting extensions 

change the request text part of the entry to small case letters 

if the URL is one of ' /index.php' or 'lindex.phpfindex.php · or '/' 

assign lindex.phplhome to the URL part of tile entry 

Save the entry 

else 

Remove the log entry 

end if 

end for 

Figure 3.3. An algorithm for raw web log cleaning 

3.3.4. Session Identification 

Once the cleaned log is achieved, user sessions need to be developed so that the sequence 

of requests could be known as transaction using time·bascd heuristic which is appropriate 

for the log format in hand. 

3.3.5, Feature Selection and Transaction Identification 

. sts of the same session 1D were collected 
From the disti ngu ished user session file, reque . 

. d d lop transactIOn of requests . and the req uest texts were combme to eve 
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3.3.6. Vata Integration 

The transactions of the di vided access log files were merged into one file as warchouse. 

3.3.7. Transformation for the data mining tools 

The transactions developed so far are nO( minable for the data mining techniq ues Ihnt the 

researcher is interested. Fi rstly. long row of text values would make interpretation vogue. 

Secondly, there arc differences in length of transaction which, in turn, implies Ihat there 

is no fi xed number of attributes. On such and other similar cases, Ihe transform ution of 

transaction fi les was conducted. 

The user session contains collection of requests which may impose some sort of 

di fficulties fo r usage pattern discovery tools. Thus, the users' sess ion was transformed 

into a format that is minable by Weka. Firstly, unique li st of URLs along with gi,'en IDs 

was extracted from the user session. Then, Weka compatible lile of the requests is 

developed using the IDs of the un ique URLs distinguished. 

3.4. Usage Pattern Discovery 

Both straightforward stati stical analyzer tool and advanced data mining techniques were 

appl ied to discover interesting usage patterns of the web site. The statistical analyzer was 

used to get generalized statistics on page requests, visiting time of users, li nd entry and 

exit pages to and from the web site. The association mining was intended to di scover sets 

of pages that are more frequently accessed by the web site users. Meanwhil e, sequence 

mining pattern discovery was employed to discover common nav igation sequences in the 

dataset. 

3.5. Usage Pattern Analysis 

. . l td relati ve to the web sile designer's The discovered web site usage patterns were eva ua e 
. f h ' b "1 and the designers of the web expected navigation patterns. The site map 0 t e \\ C SI e 

site were consulted during the analysis of the discovered patterns. 
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CHAPTER FOUR 

EXPERIMENTATION AND FINDI GS 

4.1. Overview 

Cooky et al. ( 1999) elaborated that experimentation is one of the basic tusks that arc 

involved in web usage analysis study. The experiments of this study were conducted 

following thc process model that has been discussed in Chapter Three of Ihe paper. The 

experimentati on was started with collection and cleaning of tlte raw access log fi les. The 

filtered access log was fed into MachS Statistical Analyzer 1001 to discover SHllistic.11 

analysis of thc web site usage. The data mining based pattern discovery was, however, 

preceded by session creation, transaction identification and transformation of the filtered 

log file . Then, association usage patterns and sequence usage patterns were di scovered 

using the Weka data mini ng tool. Finally. analyses or the discovcred pancms were 

reported as fi ndings orthe study. 

4.2. Experiment Setup 

The experiment was conductcd with the rollowing setup: 

• Computer Type: Satellite L505 lap top 

• Processor: Pentium(R) Dual-Core CPU T4400@ 2.20GHz 

• RAM: 3.00GB 

• Operating Systcm: Wi ndows 7 1·lome Premium 

• Data Mining Tool: Weka 3.6 

• Statistical Analysis Tool: Mach5 Analyzer 3 

4.3. Data Collection and Selection 

As it has been po intcd out in earlier chapters orthe paper, the web log records or AA U 

fd 'the research work It is collected rrom the 
official web site was used as source a ata .or . 

S3 



2 

web server of the university's official web site. The log rile contains access ~085. error 

logs, SSL access logs, SSL request logs and SSL error logs. Sample log files 3rc Bttached 

in Appendix D. 

The study focused on access logs due to the fact that acknowledged researches in \\cb 

usage analysis like Sri vastava ct al. (2000) and Cooley CI a1. (1999) revealed lIUllllCCCSS 

log records show the usage patterns of web sites better. 

Access log records of November 0 I, 20 I 0, 04 :3 1 :34 AM to May 08, 20 I I. 04 :43:48 AM 

were used for the ana lysis as they were available at the ICT onice, 

4.4. Web Log Format 

The tasks involved in web usage analysis are strongly influenced by the form;)t follo\\ed 

in the log fi le (Hu and Cercone n,d). The web log fommt of log under di scussion is 

extended log file format. Sample record from the log file is depicted in Figure 4.1 below. 

213.55. 104 .53 _ - [22INov120 10: 16:29:42 +0300J "GET lindcx.php/sociology-and-soci"l­

anthropology HTTP/ I.!" 200 30978 .. http ://www.aau.cdu.ctlindcx.phpfpolitical.scicl1cc. 

and.intemational-re lat ionslobjcctivespolitic" "Mozilla/5.0 (Windows; U; Windows T 

5. 1; en-US; rv: 1.9.2.12) Geeko120 1 01026 Fircfoxl3.6. 12" 

Figure 4. I: An access log record 

4.5. Data Pn'processinglWeb Log Preparation 

In fact, there are facts which enforce the researcher 10 undergo the log preparation before 

applying the se lect(:d data mining tools. These are enumerated below as rccormnended by 

Chitraa and Davamani (20 10) and Cooley el aJ. (1999): 

• The log file is huge in size and need to be partitioned into manageable sil.C; 
• • r'. • f the usage pattern of AA U \\ eb site; 

• There are reque.sts whIch arc not IOlonnatlve 0 
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• The web site does not require authentication to start us' " Th" I mg I . IS. m lurn, eave: 

authentication ID field value empty in the access log file. Thus, users could not be 

easi ly distinguished from the log; 

• A certain user may access pages of the web site for longer period of time . Thus. the 

session need to be constructed. 

• Not all fie lds of the access log are used for the pattern di scovery. Thus, features need 

to be selected. 

• As Weka is used by the researcher to discover the usage pattern, some sort of 

transformation is desired. 

The data preprocessing phase of the research look larger portion of the research time . 

Indeed, it was a very critical part of Ihe web usage pattern discovery for the website 

under discussion. For the completion of the aforementioned requirements, the log 

preparation is expected 10 involve log filtering, session ident ification, feature selcction, 

transaction identification and transformation of the transaction file into Weka 

understandable format for the respective pattern discovery techn iques. Each of these tasks 

of the experiment is elaborated below. 

4.5.1. Log Partitioning: The raw log records were divided into four manageable 

portions. In fact, the partitioning was accom plished by keeping log files of fi ve 

weeks as one. 

4.5.2. Log Filtering: The removal of unsuccessful and non·human requests was 

accompli shed by using WUMprep's log filter script. The WUMprep tool has the 

following parameters in filtering of raw log files. 

• 

• 

Paths: If the path of a request matches any of the regu lar expressions in this 

parameter, the request is dropped and considered as non·human request. For 

this experiment, the following expressions weTC fed line by line: \.Ieo. \.GIF. 

U PG, U PEG, l,eSS, Us, I,GIF, I,PNG, and I,BMP, 

Hosts : If some hosts are known to be less important for the usage pattern 

discovery, those hosts can be specified here. In this experiment, OJ .S 
d'scoveryas long as the user via 

requests arc not important for the pattern 1 ss 



• 

the DNSs could not be identified. Thus, some se lected DNSs were included 

for this parameter. 

Status codes: This filter is an include filter . Only log records thai contain the 

status code specified here are added as valid requests. This parameter could be 

left blank if the status code is not a target of research. Regular express ions such 

as 2XX arc also allowed as values here. For the experiment in hand, only 

successfu l requests are desired for the usage pattern di scovery. So. status code 

of200 was used. 

• Duplicate filter timeout : This parameter is used to decide whether successive 

requests for the same document from the same hosl arc treated as a single 

document or not. The value should be given in seconds. For this experiment. 

the default value, 5 seconds, is used . 

• Outpul extension: The extension will be appended to the fi llered logfiles 

names. In thi s experiment, the default extension, .clean, is used. 

Then, the logfilter.pl script was run and the output which is depicted in Table 4.1 was 

found. 

From these, the researcher understood that the filterin g task removed approximately 82% 

of the access log records. Then, the researcher is left with a total of 773, 129 human 

access requests. It should be noted that duplicate requests for a request arc excluded from 

thi s statistics. 

4.5.3. Session Identification 

The sessionize.pl script uses the following parameters to develop sessions for the logs. 

• Maximum page view time: It is to limit the maximum length ofa session. If the 

length of the sess ion exceeds this limit, a new sess ion is begun . The value should 

be given in seconds. In this experiment, the default max imum page view lime. 

1800 seconds, is utilized as this time is used by loIS of web usage analysis 

researches worldwide . 

56 



Web '" 
W .... "",bo. , ... ... -. Pet«at...- 01 11 _ .. ........ ". __ .. ..., lot 

parri ..... ~ ...... ."._b..-•• (%) ...... w. ....... 

, ,...,.. 11.1,1 lUll 

, m.T" .. ~ " .. " 
, , ...... . .. ».n. 

W.blo&1 

• 1J'~1 _.M . ..,., 
, lU)6! U .... 'J. 
Tot. ! nlt ... d .tf\U •• b IGI .JJ' 

, 191.091 lI.n ~. I~' 

, H~,JO aUT .1.,. 

, IN.iI' IUT » .'.11 

W.b .... ) 

• 110!11 au, ,.,., 
, ""m un ".~ 

Tl'llII r,It ..... "_ I. J",7. 

, 11l,JJ' n' It..." 

, .lH.05t ~, ,,-'" 

, , ...... ~" ".1'" 
W.b 1.oJ l 

• 11l.,U .... Il JM U 

, 17l.lU ~.~ ".m 

Tot. ! Hh .. ttI "tf\ .... D I '~""I 

, .. '" " 
, 1.1,I6C! ...... "-'" 

, J6s,!14 .... , .• ",,,, 

W,bLot:. 

• 17J..uJ l.I.n ".'" 
, , ..... , ".11 ... ~. 

17J,t1S 
Toul .-dt ..... rt'<j .... D 

T7J.n, 
T .. III Numb« ... "u .... _<tiJ .. q_b 

Table 4. 1: Raw log files and filtered log records 
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• Scssion-lD separator ' Session ID . . - separator IS a character to separate (he session 

ID from the rest of the log line. Nonnally, it is added llllhc beginning of C:lIch log 

record. Here also, the default separator, I, is used to separate (he session 10 from 

the rest of the log fields during session development. 

• lD cookie: If the web server uses cookies 10 identify sessions,this parameter clln 

be used by the sessionizer. ln that case, the name of the identifying cookie needs 

to be entered here. In this experimentation, this parameter is left blank due to (he 

fac t that the AAU official web site server does nOI usc cookies to ident ify 

sessions. 

• Output extension : fi le name extension for the output fil es of the scssionize script. 

The defau lt extension of the tool, .sess, is used in this experiment. 

Based on th is experiment, a total of95,905 user sessions were developed. 

084777: 11204.236.197.29 [2 11Nov120 10:04:26:09 
lindex.php?format=feed&amp;type=:rss HTIWI .O" 200 
"gMxvwektdqMvMdafosuhflvq" 

084777: 11204.236. 197.29 [21 1Nov120 1 0:04:26: 1 0 
l im..lcx.php?format=feed&amp;type=:atom HTIP/ I.O" 200 
"gymhmqtwnUvn moqyawqneiwlsydhnqU" 

+03001 
13389 

+0300J 
IllS9 

"GET 
" " 

"GET 

084777: 11204.236.197.29 - - [21INovI2010:04:26:09 +03001 "GET 1 HTTI'/ I.O" 200 
38762 "-" "nusbnwvfcknkyuvjrnauw ll " 

084777:2172. 14. 192.3 [211Nov/20 1 0:04:26: 13 +03001 "GET 
lindex.php/academics/facultieslfacu lty-of-medicine?slart=' 1 HTrp/ l . I " 200 )7747 
.. http://www.google.com/search ?h I=en&q=add i s+ababa+un i versi (y+adm i ssion+ 20 I 0" 
"Mozillal4.0 (compatible; MSIE 6.0; Windows NT 5.1; SV1)" 

084777:2172. 14.192.3 [2 1INovI2010:04:26:24 +0300J "GET 
246 ItemplatesljavanyaJimageslarrow.png HTIP/I. I" 200 

''http://smtpgwOI .aau.edu.etlindex.php/academicslfacu[ ticslfaculty-of­
medicine?start=I" "Mozillal4.0 (compatible; MSIE 6.0; Windows NT 5.1; SV1)" 

084777:3166.249.65.104 

lindex.php/component/e 

[21 INovI2010:04:26:25 

Figu re 4. 2: Sample user session file 

+03001 "GET 
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4.5.4. Feature Selection and Transaction Identification 

From the session file, records that have the same session 10 are accessed together. At this 

step, what is important was the sequence of the accesses of Ihe same session 10. Thus. 

featu re select ion is one of the targets at this phase. As the 1001 that is used for pallcm 

discovery cou ld not ident ify transactions from the session file, a separate python eode has 

been developed to identi fy the transactions. The algorithm is described as follows. 

Algorithm : identify transactions of the user sessions 

Input: ses, sessionized log data file 

Output: trans, transaction fi le 

lines=[J #request records of the sessionized tog data 

session_text:" " 

uniqueIDs=(] # a list to Store all possible unique session IDs 
open ses 

lines= read lines in ses 

for (x=O; x< Icn(lines); x++)# x stands for possible values in lines 

parts=splitlines[x] with space character 

sess_ID_IP=split parts[O] with 'I' character 

sess_lD=sess_IO _'P[O] 

append each unique sess_1D to uniquelDs 

for (y=O; y<len (uniqueIOs); y++) 

assign session_text to null string 

for (z=O; z <len(lines); z++) 

Iist=sptit lincs[z] with space character 

di rs=lisl[6]# the 6th index of the list-the request URL 

ID _'P=lisl [O].split ('I ') # the list with the first index is spl illcd with 'I' 
IDIY=ID _IP [OJ 

IfuniqueIOs[y] equals IDD: 

Append the request to the session_text 

Write the sessiOn text to trans file 

Close the trans file 

F· 4 J. The Algorithm for transaction identification .gure . . 
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Trans.act ions · Note~lId 

Filt Edit Fermat Vitw Htlp 

/ i ndex . php/ ho me / i l1:;d:-ex"/7p::i'''',p-/''.7b-o-u-t .- .- u / i ndex php/ 0 t 
/ ~ ndex. php/admi s s~ol1s / index.php/ app1y-on1ine c 11 acts 
/ l nde x. php/ home /l ndex.php/ ac ademic s 
/ i ndex. php/ h9me / i Ildex . php/ campus - 1 i fe 
/ index. php / 1ndex. php/ adminis t r·at ion / change 
/ i nde x. php/ home / i ndex. php/ l i br ad es 
/ i ndex . php/ ho me / i ndex. php/ academi cs 
/~ndex . php/hom~ / ~ ndex/ I? hp/ about aau /i ndex . php/ contacrt s 
/ ~ ndex . php/ adnn S5 ~ ons /1 ndex. php/ app ' y-on 1 i ne 
/ 1 nde x. php/ ho me / ~ ndex . php/ campus _ 1 i fe 
/ i ndex. php/ home /1 ndex. php/ l ; br'a d es 
/ i ndex. php/ home / i ndex. php/ l i br'ar i es 
/ i ndex. php/ home / i ndex. php/ l i brari es 
/ i ndex . php/ hol11e / i ndex. php/ academi cs I dol'ln loads 
I i ndex . php/ horne I i ndex. php/ l i br'a ri es 
U •• .I . .. • • •• .• 1 . . . .... I ~ .. .. . .. _ I ... " ;1 • •• _ .. ; . _ 

Figu re 4. 4: Sampic:: transaction files output of the transaction identification algorithm 

4.5.5. Dataset Tra.nsrormation 

What has been accomplished so far is identification of access transaction for each uscr. In 

fact, some sort of transfonnation of the transaction file is desired for the case of paucrn 

di scovery using Weka data mining tool. The tasks involved in transfOm13tion and the 

fina l outputs of transformation are different for associat ion mining and JXlge access 

sequence discovery. 

a. Preparing the Transaction File for Association Mining 

Association rule minung requi res each data column to stand for a speci fic attribute. 

However, the transaction is just a sequence of accesses in which there is no pntcticc of 

spec ific attribute for a data column. The transactions may contain onc request or more. 

The number of attri butes should have been equal if the transaction could be used as it is. 

. h d· " . hcd URL names as So, the size of the attri butes needs to be fixed by settmg t e IS mgurs 

attribute name of the transformed fi le. 

. . . URLs' the log fi le Ho\\e\'cr. we As rt rs known, there are huge numbers of unrque rn . 

. 'l ' very tough for the tool of cannot use all unique URLs for the pattern drscovery as r tS 

60 



pattern discovery, Therefore, URLs that fu lfill the Specified minimum threshold of 
occurrence are used for the pattern discovery, 

The fo llowing algorithm was used to distinguish the URLs that met the minimum 

threshold that could enab le the URLs to be an attribute of the new session.URL IIIlltrix, 

Algorithm : Identify URLs that fulfi l] minimum threshold in the lrunsaction 

Input: tr, thc transaction file; tho threshold value of requests 

OUljlut: sc!ectedURLs, a list orURLs each in a line 

uniqucURL " U 
threshold" m 

open tr 

aTran"'rcad the Jines Oftr 

close tr 

open selcctedURLs filc in write mode 

for (i:(); i< len(aTran); i++} 

striped'" remove new line character al the end of aTran IiI 

parts- split striped wilh spaee character 

for (j=O; j<len(pans); j++} 

if uniqucURL does not contain p3rt5li! 

oppend pansli I to uniqueURL 

for (;=0; i<len(uniqucURL); i++) 

eount*'O 

fo r U'"'O; j<len(aTron); j++) 

slripcd=rcmove new line character from aTranli I 
pans- split striped with space character 

for (k- O; k<len(parts); k++) 

if parts[kJ equals uniqucURL{iJ 

increment count by I 

if count exceeded th 

session·URL" uniqucURLliJ 

wri te scssion· URL to selcctedURL file 

write new line character to sclectedURL file 

close selcctedURL file 

Figure 4. 5, The algorithm employed to e~tract more frequent req uest URLs from 
transaclton file 
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Using the algorithm presented in Figure 4.5, 41 attributes were selected from the 

avai lab le set of URLs. These URLs arc attached in Appendix C. Once the number of 

attributes is specified, the transaction file is read and scssion.URL matrix is dc\<clopcd. 

Here, number ' I' is used to mark the presence of the request in a transaction li ne and '1' 

is used to show the absence of the request in a transaction . The researcher dc\!clopcd the 

fo llowing algorithm to prepare the transaction dataset for input to Wcka tool. 

Algorith m: Session-URL Creator 

In put: URLListFile, a file that contains list of unique URLs that met Ihe threshOld va lue 
TransFile, the transaction file 

Output: SesURLMalrix: a session-URL matrix 
URLs' [] 
Trans' [] 
Open URLListFile file 
URLs= read li nes of URLListFile 
Close URLListFile 
Open TransFile 
Trans=:: read li nes ofTransFile 
Close TransFi le 
for (i=::(); i<len(trans); i++) 

assign empity string to session_text 
stripped=::remove new line character from trans[i] 
parts=::split the fields of stripped with space character 
for (j9); i<len(URLs); i++) 

if parts contain the URLs[iJ 
iflength(session _text) >0 

append I to session_text 
else iflen(session_ text) =0 

assign I to session_text 
append Ito session_text 

else 
if len(session _text»O 

append '1' to session_text 
else 

. -URL matrix 0 Figure 4. 6: An algorithm to create session 
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The outputs of the algorithm shown in Figure 4.6 is a space separated list of l or '?' for 

each of the transactions. Thus, it could be easily imported to Microsoft Exccl aftl!f \\hich 

it wou ld be converted into CSV file fonnat so that the dataset is presented for Weka data 

min ing tool association mining algorithms. 

2. Preparing the Transaction File for Sequence Mining 

Contrary to the dataset preparat ion performed for association rule mining, the preparation 

for sequence mining d.oes not need extraction of some attributes. Transformat ion of the 

transaction dataset for sequence mining was accomplished by using all of thl: first n 

URLs of each transaction where n refers the maximum number of URLs to be considered 

by the experiment. The algorithm used for the transformation of the transaction is 

presented below. 

Algorithm: creates ARFF file for sequence mining from transaction file 

Input: tr, access transaction file 

Output: arff _Fi le, an arff file format of the transaction file 

Ra\\=" "/I a string variable to store the session record 

NoAttributes=Ol1 The number of selected attributes for tile dataset 

associatedU RLs={}# the diction ofURLs that are found important in the association mining 

open arff] ile, the file onto which the arffformat file is to be written 10 

write "@relation SequenccDiscovery" 

write new line character 

while not end of attributes 

write "@attribute <attri butename> (attribute values) 

associatedURLs=take the URLs that fulfill the minimum support 

URLs={ read the URLs' full name} 

JDs={read the URLs' TO} 

Open tr, the transaction Iile 

lines= {read each of the lines in the transaction} 

Write to arff Fi le file u@dala\n" 

for (Jine=O; line <len(lines);lien++) 

empty raw 

parts=lines[line] 

stripped- {remove new line character from parts} 
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parts {split stripped with space character} 

if len(parts)<noAttribules 

for (x=O; x<lcn(parts); x++) 

if URLs contains pans[x] 

ifJen(raw) >0 

ra\\= raw+', '+str (associatedURLs[parts[x]J) 
else if Icn(raw)=O: 

ra w=str( associatedURLs[parts[ x]]) 

el se if URLs docs not contain parts[x] 

iflcn( raw»O 

ra\\=raw+' ,'+'?' 

else if lcn(raw)= O 

raw= '?' 

for ()=Icn(parts); y<noAttributes; y++) 

raw=raw+','+'?' 

else i f len (parts»noAnributes 

for (x::O; x<noAttributes; x++) 

if URLs contains parts[x) 

iflen(raw»O 

raw=raw+','+slr (associatcdURLs[partslxlJ) 

else iflen (raw)=O 

raw:str( associatedURLs[parl( x ]]) 

else ifURLs does not contai n parts[x] 

iflen (raw»O 

ravr-:raw+', '+'?' 

else iflcn (raw)=O 

raw='?' 

ifraw is nOI cmpily 

write raw's canlent to arffJiJe file 

write new line character to arffJile file 

close arff File fil e 

Figure 4.7: An algorithm 10 develop arfffonnat file for sequence mining 
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4.6. Usage Pattern Discovery 
The usage pattern was discovered from the respective file using sUllislicai analyzer, 

association mi ning and sequence mining. 

4.6.1 . MachS Analyzer Statistics 

The raw log was fil tered to get the human-access requests. Then, thc Iillcred log records 

were fed into MachS statistical analyzer. Some of the report's statistics that arc crucin! for 

analysis of usage pattern are selected and depicted below. 

a. General Statistics 

The fo llowing tab le shows the general statistics that have been extracted from thc log file . 

Item Value 

Time Period November 01, 2010, ().I:31:)4 AM 10 1I.'Iay 08, 
2011,04:43:48 AM 

Report gcncralcd on May 14,20 11 at 06:28:47 PM 

Average Data Transferred per I-lit 75.96 kilobytes 

Average Users per Day 635.81 

Hils 605600 

Total failed requests (8.76%) 

Average J.lits per User 5.66 

Total Data Transferred 
44.09 gigabytes 

Hits on Files 436317 

Average Data Transferred per User 
430.25 kilobytes 

Average Hits per Day 
3601.1 2 

Incomplete downloads/file requests 
357 16 (5.87%) 

Average Data Transferred per Day 
267. 15 megabytcs 

Log spans a period of 
189 days 

Total Visiting Users 
107452 

. General statistics of the log file Table 4. 2. 

65 



b. Most Visited Di rectories 

Among the discoveries of the Mach5 Analyzer is r st f' .. 
. " I 0 most Ircqucntly VISi ted 

directories In the web site. Appendix A shows the most v' 'ted d' . 
' . IS] IrectOries nnd their 

correspondmg number orhlls and bandwidth. 

c. Users' Visiling Time 

From the ana lysis, differences of hits on different days of a week wcre noticed. The 
fo llowing figure shows this analysis. 

HIU P'" 0 .". " I W oe" 

.-.--i ---, - 0 ..... _ . 

Figure 4. 8: Hits per day of week for the dataset 

d. More Frequent Entries to the site 

The Mach5 Analyzer showed that some pages are more frequent entry pages. The lOp 10 

pages that are considered as more frequent site entries are presented in the table below. 

Entry Page I>cr«nllp: of tntty pqcs 

I. lindc.~.phpJhome Ilo. 

2. lies/index.hlml 4% 

3. lindcx.phplncademics J% 

4. lindex,phploontacts 3% 

,. l index.phpllibrary-and-museumllibrary 3~. 

6. lindex.phpllibrary-and-museum 3% 

7. lindex.phpladmissions 
,.. 

8. lindcx.phpladmissionslgraduatc 
,.. 
N 

9. Imarch 

10. lindex,phplncademicslraculties 
,.. 

Table 4.3: The frequent entry pages of user sessions 
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c. More Frequent Site Exits 

Like entry pages, the analyzer tool discovered pages throu h h' h h . 
. g W IC t e SHe users Ica\'c 

the web site. Table 4.4 below shows the frequent exit pages of the site users. 

Exit page Percentage of the 
page 

lindex.php/home 13% 

lindex.phplcomponentlsearchlindex.html 4% 

lies/index.html 4% 

l index. php/l i brary-and-museumll i brary 3% 

lindex.phplcontacts 2% 

Imarchlindex.html 2% 

lindex.phpladmissionslgraduate 2% 

Ilibrarieslindex.htmi 2% 

Table 4. 4. The frequent eXi t pages of user sessIOns and their share ortlle 10lal e:-:il pages 

f, Common Errors Encountered 

According to the OUlputs orlhe analyzer tool, there are errors that U5Crs havc come across 
in visiting the weh si te. Common errors encountered in visiting the official web site of 
AAU along with the occurrences of lhe errors are shown al Appendix B of lhis paper. 

4.6.2. Discovering Association Rules 

Apriori algorithm was used for the discovery of associat ion rules. Here is e .... planalion of 

some of the parameters of the algorithm. 

ca r: It is a parameter to opt for general association ru les or class association rules (CAR). 

In thi s regard, if car parameter is set to true class association ru lcs arc mined and geneml 

association rules are mined if car parameter is set to false. 

c1assIndex: This parameter is used to specify the index of the class attribute among the 

avai lable set of auributcs in a dataset. If the parameter is set to - I, the lasl attributc is 

taken as class attribute. 
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delta: The value of th is parameter is a factor by which the support is iterat ively decreased 

until minimum support is reached or required number of ru les has been generated . 

lowerBoundMinSuppor1: This is a parameter to specify lowcr bound value for 

minimum support 

metricType: This is used to set the metric type by which discovered ru les are ranked. 

The parameter values are confidence, li ft, leverage and conviction. Confidence measures 

the proportion of the items covered by the premi se that arc also covered by the 

consequence. It is known that confidence is the only metric type to mi ne class assoc iation 

rules. m refers the ratio of confidence to the proportion of all items that are covered by 

the consequence. Indeed, thi s metric type is a measure of the importance of the 

association independent of support. Leverage, on the other hand, is a metric type which is 

computed as a proportion of add itional items covered both the premise and consequence 

above those expected if the premise and consequence were indepcndcnI of each olher. 

Conviction is another measure of departure from independence. 

minMetric: This parameter is used to set a min imum metric score on wh ich only rules 

with scores higher than the score are considered. 

numRulcs: The parameter that is used to limit the maxi mum number of rules to find 

from the discovery. 

outputItcmScts: The parameter that is used to opt for the visualizat ion of thc iteTl1 scts or 

not. If the parameter is enabled, the itemsels are output. 

removcAIl MissingCols: It is a parameter to choose for removal of columns of which all 

values are missing. 

h 0 or. ce for confidence metric only. significanceLevel: A parameter 10 test t e SlgRi Ican 

UppcrBoundMinSupport : A 

which iteratively decreases. 

t an upper bound for minimum support parameter to se 
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verbose: A parameter to opt for running the algorithm in verbose od m e. 

The algorithm was run fo r a number of limes by varying the lowcrlloundMinSuppon 

Parameter values. Then, two runs were selected as list of ru les 'or bell I 
II cr suppon va tic. 

The ru ns are attached at. Append ix E. 

4.6.3. Discovering Sequences 

Pred ictiveApriori algori thm was used for discovering of the frequent access scq(ICnccs. 

The CAR, class lndcx and num berOfRules parameters are used in the algorithm. 

For th is experimen t, pa rameter CA R is enabled and class lndcx is sct to ·J so Ihlll chiS 

association rule is developed fo r a combination of requests in the sequence. 

Consideration of the records in the transaction showed that six is the average number of 

request URLs in a user session. Thus, predicliveApriori algorithm was npplk-d on the.' 

dataset for Ihe first six requests of the lransaction. 

As il has been shown using the statistical analyzer. most of the user sessions start wilh 

/index.php/home, the home page of the site. Moreover, most of the users lenve the site 

there. So, the researcher is not interested on attribute I of the dataset. The running output 

is attached in Append ix F. 

4.7. Pattern Anlli lysis 

The usage analysis was done by combining statistical analysis and data mining p.1 l1crn 

discovery results. Each of these is elaborated in the next subsections. 

4.7.1. Statistical Ana lysis 

a. General Statistics: The web server accepted 605, 600 hits from 107,452 uscrs. 

. transact ion rather than Bctual user. Here, user stands for an ID for a user session-a 

bee I d 10 have 6 hilS to the web site. Moreo\cr, On average, each user has n expcc e 

about 638 users used the web site per day. 
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b. Freq uently visited directories: The lindex.php page received the largest hils. 

Indeed, it is the home page of the web site and not asto . h Do I 
ms ment. wn oads, 

admissions, AAU staff load academicS/facultics a d I·b & 
• n t rary , museum 

respectively held the second, third, fourth, fifth and six ranks of the hit statistics. 

The stat istics of school of infonnalion science and administrator pages show 

frequent hits for the pages. However, these two statistics are not interesting for the 

research. Firstly, most of the hits on SIS are expected from the page designers as 

long as only few weeks elapsed after the page was published. Secondly, the 

administrator page is used by the site designers andlor site mninlcnnncc users 
only. 

c. Users' visiting time: For the log records considered, around 100,000 hits havc 

been reqllested on Mondays, Tuesdays, Wednesdays and Thursdays individually. 

On Fridays, there is some decrements and about 80,000 hits havc been requested. 

At the weekends, there is further decrease in request size and about 60,000 hilS 

have been registered . 

d. Freq ucnt site cntry pages: 40% of the entry pages arc occupied by only len 

pages. Larger portion of the user session records, i.e. 15% start wilh lindex.php 

page. This page is the home page of the site and may infer that most of the site 

visitors nrrive at the site directly through the home page by eilher Iyping the full 

URL of [he site onto the address bar or get the home page of the omcial sile on 

search eng ines. Next to the home page of the site, /ieS/index .h lml-lhe Institute of 

Ethiopian Studies took 4% of the entry pages. Meanwhile, /indcx.php/academics. 

I i ndex. ph pIcon tacts, and lindex.php/library-and-museumJlibrary, 

/index.php/library-and-museum got 3% of the site enlry each. 

/ index.php/adm issions, lindex.php/admissionslgraduate, !March 

lindex.pl p/academicslfaculties took 2% of the site entry each. 

and 

Then. 

and 

e. Frequent site exit pages: 33% of the exit pages of the si le visit arc held by 8 

. d· h ,. d hp page This implies thm most pages. 13% of the user sesSIOns en Wit In ex.p . 
. .. be' . g further from the home page of ofvisitor'5 of the site stop theIr VISIt lore mov ln 

hi· d . html lieslindex.hlml and the si te. lindex.php/component/searc In ex. , 
. 41J1 4% and 3% of Ihe exit pages lindex.phpllibrary-and-museum/ilbrary cover 0, 
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respecti vely. At the mean time, each of linde" phpl . 
,~ . contacts, ImarchilOdcx.html 

lindexlphp/admissionslgraduate and lIibrarieslinde.x.hlmJ took 2% of the CXi; 
pages 

f. Common Errors Encountered: Users of AAU official web site have been facing 

errors of unava ilability of requested pages while surfing the site . List of common 
errors is <l tlached at appendix I. 

From the stati stical report, lindex.php/administrator/indcx. php shows the 

maxi lllUm error Occurrence. But, administrators arc specia l users and Ihis 

statistics could not show the average user request. Thus, this CQuid not be 

considered as a valid usage pattern. The same is true for the pages of 

Imarch/med ia/sYSlem/j slopened, 1_ vti_ binlshtnl .excl _ vtiJPC. I_ vIUnf.html . 

Page of lindex.php/aboutaaulpresidents-office, 

I i ctg I <l <;sary/arn hari da _index. php, lindex. php/about3aulpresidcnts-omCel. 

com Il1 U n iCa! i ons-team/contact -us, Ifacu It ieS/fac _pharlhis J'hilr .php. and 

l indc,\ .php/aboutaaulpresidents-officel-communications_tcamlun iversity­

panm:rships occupied the top five error requests. The error is morc likely due 

to br(' ken links or uni ntentionally page blocking. 

4.7.2. Analysis of the Associat ion Mining Based Discovered P:IUerns 

• It was found out that 96% of the users who requested lindex.php/aboutaau page and 

lindex. ph pIa ! . (l U taa u/gmd uate-stud i es-and-research -office also requested 

lindex.php/a :n issions page: Most of the site users visitcd graduatc studies and 

research onicc page of the about AAU page and admission pages together. This is 

very interest ing for the fact that admission pages are visited along with the graduate 

and researcl omce page for verification of admission requirements and other 

specificat ion'> 10 pursuc a graduate level study. 

• The tindin n r 'vealed that 94% of the users who visited lindex.phplcampus-life and 

lindex.phpl npus-l ife/housing-a-dining also visited lindex.php/administmtion page: 

A good Il lJ1 cr or users of the site accessed housing and dining page of the studenl 
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services page along with admin istration page This rule Id be . . 
. cau mterestmg by (he 

expectation that student services of the university is one ofth d ". . 
c a mmlSlratlon tllsks In 

the university In this regard, the site users visit admin istration page so as to fulfill 
their information need .in these aspects. 

• With regard to the discovered patterns, 98% of the site visitors who accessed 

lindex.php/academics and /index.php/admissions pages also visited 

/index . php/admissionslapply~online : Users who access academic pages and 

admissions pages arc more likely prospecti ve student of thc uni versity. Thus, those 

students more likely visit the online application page oflhe web site. Therefore, Ih is 

rule seems very interesting. 

• It was di scovered that 98% of the site users who visited lindcx.php/aboutaau and 

lindex.php/aboutaau/campus·guide also visited lindex.phplvacancy-announccmcnls 

page: visitors who access campus gu ide page of the about AAU will morc likely 

search for vacancies and announcements in the university as long as campus guide 

provides gu ide li nes on the campus life. Thus, this rule may be very interesting. 

• It was found out that 90% of users of the site who accessed lindcx.phplcampus-lifc 

also accessed l index.php/library.and.museum page: Library service is one of the 

services to students in the university. Thus, the site visitors may cxpcctto gct library 

services inside student services page. So, the visit of student services along with 

museum and library pages must be an interest ing rule. 

• From the pattern discovery outputs, 92% of the users who requested 

lindex.php/ library.and·museum/library also requested lindex.php/cvaluation-fecdback 

page: The evaluation feedback fonn is a form through which the prcparmory courses 

of the newly arranged graduate study programs are evaluated by those who took the 

courses in pre.enrollment of a certain graduate level study in the university. Thus, the 

fonn has nothing to do with the library page of the site. It has been requested along 

with the library pages for the fact that the form was published in inappropriate pages. 

Therefore, this rule is less interesting. 
. ho visited lindex.phpladmissions • The findings revealed that 90% of the site users w . 

. db k . The evaluation fcedback form IS also accessed l index.php/evaluauon·fee ac page. 
h h ve been enrolling in the expected to be visited by graduate level students w 0 a 
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po 

preparatory courses upon admission to a program So In . I .. 
. • ere IS css probabl!rty of 

visit ing admissions page and evaluation pages of the , "'e l 'h' h" I 
interesting rule. . crc, Otc, I IS IS cs 

• According to the findings of the pattern diSCO\ICry experimentation, 89% orlhc uSC'r 

who accessed l index. php/academics also accessed !index.pop/contncts page: The 

contacts page contains list of Contact detai ls of the avuilable 

faculties/schools/institutes. Meanwhile, the academics page is comprised of pages of 

faculties/schools/institutes detail description but contact. So, visitors of the aClldcrn ics 

page may be expected to visit COntacts page for any sort of cOll1munication to the 

respective programs. On this aspect, academics page and conlacts page nre mOre 

likely to be visited together and the rule is interesting. 

• It was also fou nd out that 99% of the site users who accessed lindcx.php/oboutMu 

and lindex.php/aau-bpr_all also accessed lindex.php/administr<lt ion page: OPR 

(Business Process Reengineering) may be one of the current issues to be dea lt in 

about AAU page. Besides, more information about BPR is expected to be avoiloble at 

the policies and procedures page of adm inistration pagc. So, it is expected 10 visit 

about AAU, AAU BPR and administration pages of the site together. However. IlPR 

may be a short term topic in the site which makes validation of the rule somc\\hm 

difficult. Rather, it would be an interesting rule if the BPR is substituted by any topic 

which need some control from the higher administration departments. 

• It was discovered that 98% of the site users who accessed /index.php/aboutollu lind 

lindex.php/campus_life also request for Imarch page:March Project is an project in the 

university which works in reduction of HIV/AIDS epidemic to bring bchaviomJ 

changes in the university community. It is very interesting to get a rule that entnils the 

coming of such project visit in students' services pages and about AA pages. 

Therefore, the rule is very interesting. 

• From the outputs of pattern discovery, 88% of the site visitors that accessed 

lindex.php/aboutaau and lindex.phplview-blog also ac.cess~ 

. bout AA U page and prcsldent s IlOdex.php/administration: Site users (hat access a .. 

.. 've tasks/achievemen ts. Th us, VISit blog are more likely surfing for some admlOlstratl 
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for administration pages is expected to augment the visitors' satisfaction on the sile . 

Therefore, the rule is interesting. 

• It was also revealed that 86% of the site users that accessed lindcx.phplsil oer-map also 

visited lindex.php/academics: The site map of the site is expected to cOlltain higher 

level pages in hierarchy. User of the site may wanl to directly go to their page of 

interest from the site map's links to such pages. In case the site map docs not fulfill 

this feature, visitors are enforced to choose other path of the sile. In thi s rule, the sitc 

map of the site is frequently accessed along with academics page. On the occasion of 

the aforementioned cases, the rule is interesting. 

4.7.3. Analysis of the Sequence Mining Based Discovered Patterns 

The sequence mining discovered rules are analyzed here under. 

On the run that involves second and third requests: 

• 

• 

• 

It is 97% confident that the second request in a session is lindcx .php/c"mpus-1ife and 

the third request is lindex.phpl. 

It is 96% confident that the second request in a session is lindex.php/aboutaau and 

the third requt:st is lindex.php/administration. 

It is 94% confident that the second request in a session is lindex.phpllibrary·"nd· 

museum and the third request is lindex.phpllibrary.and.museum/library 

On the run that involves the third and fourth requests: 

• 

• 

• 

• 

It is 99.8% confident that the third request is lindex.php/admissions page and the 

fourth one is l index.phpladmissionslapply-online 

It is 94.6% confident that the third request is lindcx.phplacadcmics page and the 

fourth one is l index.php/admissions 
It is 94% confident that the third request is lindex.php/cam pus-li fc page and the 

fourth one is l index.php/admissions 
. . lindex phplview-hlog page and the fourth 

It is 94% confident that the third request IS . 

one is lindex.php/administration 
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On the run that involves the fourth and fifth requests: 

• 

• 

It is 97.6% confident that the fou rth request is linde" h , d . . d h " ,p P a miSSions page an I e 

fi fth one is lindex.phpladmissions/apply-online. 

It is 96.9% confident that the fourth request is lindex.php/adrninistration page and 

the fifth one is lindex.php/academics. 

On the run that involves the fi fth and sixth requests: 

• It is 90.6% confident that the fi fth request is lindc.x.php/acadcmics and the sixth 

request is lindcx. phplregistrar 

Combin ing the above: rules, here are the common navigation sequences. 

l inda.pllp/academics ~/;ndex.phpladmissions ~/imlex.php/lldlllissiotlS/(lI)ply-Q"line loiS 

of the site users who visited one of the academics pages visited admissions page soon 

followed by onl ine application page; 

lilldex.p"plabolltaaIl7Iindex.phplview-blog~/i"dex.p"plad",if/is/ratio,,: The presidents 

blog fo llowed by administration pages are visited aftcr the about AA U page is vi sited. 

l index.php!campus-lije ~/jndex.phpladmi"is/ralioll: Morc frcqucntly, administration 

pages are visited once the students' services pages arc visited. 

lindex.pl/pll ibrary-and-m use um ~/j"dex.phpll ibrary-(lI1d-l1Il1selll1ll l ibn",': The 1 i brnry 

section of the library and museum is we ll visiled. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1. Conclusion 

Thl: research attempted to apply web usage mining techniques on access log files of AAU 

official web site and to evaluate the web site. The study was conducted in three phnses, 

namely raw log collection and log preparation, pattern discovery and pnllcrn anal ysis. 

The raw log data preparation was major task or the research owing to the facllhallhc raw 

log contains non-hu man requests, automatically downloaded graphics or fai led requests. 

Moreover, the unprepared log could not be used for the pattern discovery phase which. in 

turn, consumed sequence of transformation as per the pattern di scovery in hand. ext. 

MachS statistical anal Y-LeT was applied on the filtered log to explore general statistics, 

most visited directories. users' visiting time, more frequent entry and exit pages nnd 

common errors encountered. Apriori algorithm of Weka was used to discover the 

avai lable association ru k.:; amongst the URLs of the site. Then, sequential min ing was 

performed on behalf of the level wise rule generation of predicliveApriori algorithm of 

Weka. Then, each of the rules was annlyzed in communiclItiol1 with the web sile 

designers to develop nppropriate rules that could be uti lized for future components of the 

site. 

According to the statistic:11 analyzer tool employed, most of the users of Addis AA U 

official web site start navigation at the home page of the web site which fit s the claims of 

Mekonnen (2009). That is, most of the users either directly write the full URL of the 

home page of the si te onto the address bar or get the home page of the si te from search 

engines display. Most uf .hese users stop their visit at the same page. 

.. d' has been visited more frequently than 
Page of Institute of Et hIOpian Stu ICS program 

, I ages through which users of the \\cb 
other program pages. It . ~ one of the more Irequen P 

. .' b bl due to the fact that the name of the 
site start their navi gat l(11~. Th iS IS more pro a y 
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institution in the content of the web site contains words .ha. fi I db are more rcquclIl y usc y 
search engine users. 

Regarding the dail y users' visit trend, relatively higher hits arc cOllsidered 0 11 Mondays 

through Thursdays. Meanwh ile, the least hits are recorded at Ihe weekends and mild hils 

are recorded on Fridays. 

A number of requests for the pages of about AAU return Ihe crror of unn vnilabi lilY of 

some pages. This includes president's office, president's office/communicat ion Icum, 

president's offi ce/reform team and president 's officclresource 1lI0bi lizntion learn. 

Similarly, administration and human resource and polic ics and procedures pnges of the 

administration page return a response of unavailability of the pages. These imply that 

either the content is blocked unintentionally or the link to such pages is broken . 

According to the association mining experiments, most of thc users of the omcinl web 

site who visited academics page would more probable visit library page. 1111S is due to 

search of materials that could be suitable for a certain academic progr:un in hand. 

Similarly, academics page and admission page have been accessed together followed by 

online applicat ions for programs. This is due to the fact that users arc interested to know 

the admission criteria, date, payments and other issues as per academics programs and Iry 

the online application. 

Most of the site users who visit the about AAU page also visit academic pages. This is 

due to interest to visit of a certain academic program listed in the about AA U page. 

Furthermore, vacancies and announcements are visited along with about AA U page. This 

is due to the expectation of site users to get announccments and vacancies being at about 

AAU page. 

Student service and adm inistration pages are requested togclher by many oflhe sile uscrs. 

This is owing to the fact that student service is expected as one oflhe administration tasks 

in the institution. 
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The evaluation form of the newly arranged prep.rato f h ry Courses 0 t e graduale study has 

been frequently accessed with lots of pages that have nothing to do with Ihc course 

assessment. This is due to the inclusion of the link in unnecessary places. 

5.2. Recommendations 

The researcher made the following recommendations based on the findin gs of the study. 

Improvement of the web site: 

• For ease of users who visit deeper pages than JUS! the home page orthe web sile, Ihc 

depth complexity and readability of the pages' links need to be assessed. IJcsidcs. Ihe 

user-interface of the site should be checked by the designers of the site in cuse the si1e 

has features that made it less user-friendly. The user-friendliness of the interface 

might need a separate detai led study. 

• Institute of Ethiopian Studies and AAU March Project have been visited by lots of the 

site users. There must be something good behind thi s statistics. Thus. the site's 

designers are recommended to consider these pages for any sort of smart components 

in these pages so that the same could be done to other departments' pages. 

• Searching of electronic library items returns problems much of the time. Thus, the 

site designers are recommended to verify the ava ilability of valid hypcrlinks or 

legi ble texts ofhyperlinks at this spot. 

• It is advisab le to put contact details of departmcnt as part of the departments' page 

rather than a list of contacts at a certain point of the web site. 

• H is recommended to create a link from specific academics 10 c-resources (library 

services) of a department . 

• There are pages that are expected to be accessed but not accessed in the rea l tlsers. 

Therefore, lots of amendments are expected from web site designers to alleviate such 

problems. Also the same if some pages need to be removed away from the site. 

. ' nded to create links to announcement and vacancies 
• The sIte deSIgners are recomme 

pages from about AAU page. 
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• It is advisab le to make academic lists in about AAU page clickablc so n 10 3fT; .. e at 

desi red academic programs upon need while in about AA U page. 

• The researcher recommends incorporating students' services as a component in the 

administration page or having links to students' service from the administration page. 

Further web usage analysis research 

The following points are recommended for interested future researchers in web usage 

ana lysis. 

• In this work, only access log records ofthc web server log arc util ized. Better usnge 

analys is could be made upon inclusion of other logs such as error log und SSL logs 

in addition to access log. 

• The previous web usage analysis studies have brought completely different Us..1gC 

patterns fo r different raw log data. Thus, future researchers arc recommended to 

develop an adaptive and dynamic web usage analysis study to allcvinte such 

problems. 

• Time-stamp heuristic is used for the development of user session riles. Future 

researchers could use site map of the web site along with the web log files to make 

use of other heuristics like referrer page approach so that more appropriate p:1l1erns 

could be discovered. 

• The thesis used a six month duration web log liles. If fut ure researchers use log riles 

of longer period of time, trusted and more preferable usagc pattcrns could be 

di scovered that wou ld perfectly show the actual users' usage pattern . 
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APPENDICES 
Appendix A: Most Visited Directories 

Directory Name Hits Bandwidth 

lindex .phplhome 202510 8 gignb)1eS 

Idownloads! 34170 21.43 gigllb)'tcs 

Ii ndex.php/admissionsJ 27240 688 .25 megabytes 

laau_stafTJoadl 25287 565.76 megabytes 

lindex.php/academicslfacultiesl 20668 602. 13 megabytes 

Ii ndcx .php/l i brary-and-m useumJ 17356 482.25 megabytes 

Isis! 
12545 4.85 megabytes 

lindex.php/academics! 
11 504 347.57 m,gab)1C' 

lindex.php/aboutaaul 
9106 274 .54 Illcgabytc~ 

lindex.php/administratorl 
9055 0.00 bytes 

findex. php/componentlsearchl 
8954 1 .4 I megabytes 

lindcx.php/componentlcontentlarticlel l- 8354 '85.23 megabytes 

latest-news! 

faau _ stafT _Ioad/adminl 
7849 280.06 mcgnbytcS 

Iproceeding20091 
7407 2.88 gigabytes 

6265 23 3.97 Illcgab)1CS 

lannouncement! 

lindex.php/campus-l ifel 
6103 245.37 megabytes 

lindex. php/academ ics/colleges/ 
5678 

158.60 megabytCS 

5483 
31.14 m,gabytes 

l itphdl 
5482 

53Q.62 m,gabytes 

lies/downloads/ 

lindex.phpfadministration! 
5073 

129.03 megab)1CS 

lindcx .php/academicS/institutes/ 
3459 

11 4.0) megabytcs 
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Directory Name Hits Bandwidlh 
.~ 

Imarchl 32 12 63.43 rncgab)tcs 

lindex.phpllinguistics! 3092 196.02 megab)'lC:s 

limages/stories! 2996 1.04 gigabytc:s 

lindex.php/view-blog!viewpostl 2996 247.93 mcgabytcs 

lindex. php/aeademieslschoolsl 2959 70.27 mcgabytes 

lies! 2889 39.47 mcgabytes 

lindex.php/academicS/63-faca-institute- 2844 85.80 mcgabytcs 

college! 

lindex.php/academicsl38-departments-a- 2323 67.95 megabytes 

programs! 

lindex. phplhomel I-latest-news! 2099 53.84 mcgabytcs 

Inprel 2074 12.29 mcgabytcs 

lindex.php/chemistryl 2009 67.76 mcgabytcs 

lindex.php/economics/ 1817 84 .05 mcgabytcs 

Ichangel 
1807 32.16 Illcgab)1cs 

lindex.php/linguistics/linguisticsprograms- 1794 94.45 mcgabytes 

I 

lindex.php/sociology-and-social- 1732 70.52 IllcgabytcS 

anthropologyl 

lenergy center/ec_fot-aau) ilesl 
1724 87.45 mcgab)1cs 

lindex.php/earth-sciencesl 
1690 42.5I mcgab)tCS 

lindex.php/computer-scieneel 
1658 62 .77 mcgabytes 

1628 18.32 mcgabytcs 
Iworkshop! 

lindex.phplbiologyl 
1545 58.64 megab),lCS 

lindex.php/componentluserl 
1543 

31.90 mcgab)1cs 



Directory Name Hits Bandwidth 

lindex.php!political-science-and- 1521 98.80 mcgabytes 

international-relations! 

/index. php/philosophy/ 1467 119.99 megabytes 

!administrator! 1435 12.43 mcgabytcs 

I!feedback_forml 1381 5.38 megabytcs 

/igs/ 1361 199.59 megabytes 

!mtadmlhtmll 1342 9.90 mcgabytcs 
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Appendix B: Frequent Error Pages 

Request Occurrences 

/ index,php/administrator/index,php 9055 

/ march/ media/system/is/opened 2913 

/index,php/aboutaau/presidents-office 1843 

/faculties/sc/index,html 552 

/ictglossa ry / amha ric/a Jnd ex, ph p 292 

/_ vti_ bin/shtml,exe/_ vti_rpe 291 

/ vti inf,html 
291 

/ index,phP/aboutaau/presidents-office/-communications- 268 

team/contact-us 

/facu hies/fa c _pha r / his _phar, ph p 
268 

/index,phP/aboutaau/ presidents-office/-communications-
201 

team/university-partnerships 

/index,phP/academics-/faculties/faculty-of-science 
196 

/index,php/downloads/callforpapers,pdf 
188 

/faculties/sc/cse/home,html 
187 

186 
/ research/ies/index,htm 

183 
/ faculties/info/cs/index,htm 

/index,PhP/academics_/ faculties/ facultv-of-business-and-
182 

economics 

/index,PhP/academics_/faculties/facultv-Of-technOIOgy 
180 

171 
/research/ ies/jes,htm 

165 
/research/ ies/indexn,htm 

/index,PhP/academics-/facultY-Of-technOI0gy/ 
164 
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Request Occurrences 

/ down load s/ addis _ aba ba _ u nive rsity Jeto _ 2003_ action _plan- 161 

l.pdf 

/i ndex. p h p/ a boutaau/ preside nts-office/-com munications· 15l 

team/international·professors 

/index.php/academics-/faeulties/faculty·of-medicine 153 

/downloads/aauictdietstartegicplan.pdf 148 

lin d ex. ph pIa bo utaau/ preside nts-office/-com municat ions· 144 

team/team-members 

/ index.php/academics-/faculties/faculty-of.law 141 

/contact.php 
138 

/index.php/academies-/faculties/faculty-of.informatics 135 

/ index.phP/aboutaau/presidents-offiee/-communications- 132 

team/website 

I faculties/sc/math/math.htm 
131 

/ faculties/fbe/econ/index.htm 
126 

/index.php/aeademics-/institute-of.language-
125 

studies/department-of-foreign-Ianguage-a-literature 

/index.phP/aboutaau/presidents.office/.communications. 
120 

team/internal·communications 

/ index.PhP/aboutaau/presidents.office/reform-team/team-
119 

members 
118 

/ f a cu It ies/li ngu i sties/wocal .ht m 
118 

/ facu Ities/ sc/bse/wildl ife. ht ml 
115 

/ research/idr/ 

/ index.PhP/academics_/colleges/college-of-eommerce 
114 

-



Request Occurrences 

/index.ph p/home/994 11' 

/index,php/aboutaau/ presidents-office/-communications- 11' 

team 

/faculties/sc/bioIOgy/bioherbarium,htm 111 

/index,php/_international-conference-on-educational- 110 

resea rch-for -d evelo pment -13th-15th-may-2009 

/faculties/ind ex, ph p 109 

/index,php/aboutaau/presidents-office/resource- 102 

mo bilisatio n-team/tea m-members 

/ index,phP/ academics-/colleges/college-of-sodal-science 101 

/webnews/ 
101 

/ index,phP/aboutaau/presidents-office/resource-
101 

mobil isation-team/SOOO-; n-10/ teach-at -aau 

99 
/crossdomain,xml 

/index,phP/aboutaau/presidents-office/resource-
98 

mobilisation_team/friends-of-aau/aims-and-objectives-fr i 

98 
/dspace 



Appendix C: The most common URLs and their Representation 

URl ... Full URl 

1. 
2. 
3. 
4. 

S. 
6. 
7. 
8. 
9. 
10. 
11. 
12. 
13. 
14. 
15. 
16. 
17. 
18. 
19. 
20. 
21 . 
22. 
23. 

24. 

25. 
26. 
27. 
28. 
29. 
30. 
31. 
32. 
33. 
34. 
35. 
36. 
37. 
38. 
39. 
40. 

41. 

I 
/index.php/academlcs/faculties/faculty_of_informat ks 
/~ndex.php/academics/faculties/facultY _Of_ t ect'lOolosy 
/lndex.php/electrical-and-computer_enSineerins 
/index.php/academics/colleges/college_of_sodal_sclene 
/index. php/contacts 
/index.php/admissions 
/index.php/aau-bpr_all 
/Index.php/administration 
/lndeIC.php/library-and-museum 
/index. php/ slter -map 
/indeIC.php/aboutaau 
/ index.php/administration!human-resource 
/index.php/campus-life 
/ index.php/library-and-museum/library 
/index .php/ registrar 
/index.php/academics/faculties/faculty_of_medicine 
/ ies/ 
/indeIC.php/civil-engineering 
/index.php/academics/63-faca-lnstitute-collese 
/indeIC.php/view-blog 
/indeIC.php/admissions/graduate 
/ind~x.php/admission5/continuing-and-di stance-educ .. tio,,-office 
/index.php/campus-life/housing-a-dinlng 
/index.php/admissions/apply-online 
/index.php/aboutaau/campus-guide 
/indeIC.php/opportunity-for-research-feUowshlp 
/index.php/academics/faculties/faculty-of-buslness-and-economics 
/index. php/ adm issions/undergradu ate 
/ index.php/aboutaau/graduate-studies-and-research-office 
/march/ 
/ index.php/component/search/ 
/index.php/academics 
/index. php/academics/faculties/faculty-of-Iaw 
/index.php/academics/faculties/faculty-of-science 
/index.php/library-and-museum/46-library­
/ index.php/admissions/41-graduate 
/index.php/evaluation-feedback 
/vacancy-announcement 
/ web-mail 
/ies/ downloads 
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Appendix D: Sample log records from the web server of AAU web site 

(a, b, c, d, e) 

a. Access Log file 
=.OJ.~ _ _ ___ . _________ .,.~'l ... ~ 

=at :x :rl. Ito -!t 

.7 



b. Error log file 
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c. SSl Access log 

• 
-----
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d. SSl Error 

log 
z.n,~·!:::.c . 

~l :J: 'r.It Ie 1"l: 

~s~ • .r.rr to I)! :~ : ': ~r.tl {~lIl li; w .e, H':l ~'nu is IU urt' :iu:e 'knt'!l"S~II"~ : U _11:1 ' .. "" J 
~I :l] )\!'~! ~:.~e~:t ; ,t~:!'h1U (or~'~ (c\) loo1kit.1cu hl::u .... e"AS ,,, n:3I U' t- f '):r .. :: ~.1 ... 
,e fO , (cl~ t!'. : ., ~: . :C.)!I f ':! e-~ fO, ell\t: ,m -' l!!:..P.b '~II_ rt'I't" ~::r:1 .... til. t~ ~ i;':i • .1. r 
.trro'. (clier,: .LJ .• O.k~· ~ c:~ fot ern: , )t _ l!I<.~ ~If re'" ... ~. , ~~ _ ...... ,. .... 'I I, Yol , - 'I' .ACt l0 ll... . ' . ~ I._p ., """ .•• ""J • 
. e'fa', ,( ier: ••.• '. . . . ( Hf'lt ~'l eo by w t ' ~!X':19'1f1,ti.;tl: 
/U ~lll'~_, !b, dlf~ j s~ritO~ tac;::nt":s :oo_:oo1h,.:luh."lcw, re"n': I"t:;s: _ uJ.tt~ :10" 1: ll:l J):n -
,e'ro'l (cl~ tr : .O. 6.~~. -Ol F~h OOes r~t HlS(: I if • tJJ._tb· ,h . teft'e ': ~t~: _.W,U .. I~ ,-" ::.! 00::5 .1' 
I,e'w, (<lIt!': lO.~.23 .ql tIlt dtof:5 ret WI:: , if", UJ.-b roe,h. rl ftw: ~t~: .,U\I,t;", t· !IICJI '4.:::J J) ~ N:l~ 
,e'ror. (c li t!'~ :'. o.l~.!G chrt -:~ied bJ w .ef ccnfi~m':r : . 
~ ..ar II'Io'lo l!').'.~lI~lr.istrm(. :or;(Jlf~ :s cO!l. ;QClfh .• :l~k~. te:e"er: ~t:;s: ... UJ. t ''''' :VIJI' 1fJ'.! ~I' n ..... 
3 'ror] (cliu : ;O. o. l~. ! )l ~ ht(lt ,:;;rud by w .er coohgml"oo: 
IU )WI, u J.-.:eb ) Jlll~istrlt:rw;:ne't~ 'OIL:OO!IL:l~ltJju, rt:mt: h:.s: ... uJ.t!J.tt ).;t ~ .: :1 "5·10 .! :erw: ~c 1i er: t~.~U"J51 ~ \\ t c~s rot u iu: 'oJt,_ UII_P.b "<em, rtlt ' t ' ~~~fS' -"' No c! )ct.l;,:1 .' Ii'~, :10:11 :erw: l(ii tr,: : ~ ~j. :O.l~~ ~.1t C~ts Nt om: ', It .. l!UJ>~ 'gil, ttlt,t" :'-H ",".t40t: ~ ,,':1" ":. .1 

:t'fO-: (tli t!': :~~~. :G.18: (Ii tOt G!;' l tO by W t ' tcr: 'gofl!i:ll: 
.-ar 10/1. U'J. 'II'tb ixr~immr,tox;nr:s ::la.:0C011l.:llilu;llo*. rt:nr ' ·t::s : .. , .e;',I·:_ ~'ll :1. -.~ :ll 

:t'f':;< [diu: :~. ~~.:O.!O: clI ent ~re<i b-i set ~ , <<<: ;~fui':AI: 
'It ..... U<l.,Jo~ i!:r ~ism,t;r·(or.:::nt':s <~OO!lL :llS!t.~I u.5tr. ' e't ' t ': t:;s: _ u.J.t~,t· ;'v '" .::':' U !U.. 

:e'w: {clite! t:, ~j. :O.~: ~ l lt ~ts (0, ~mt: ;\It "1!IL~ 'e:ll. ftlt't". 
~mi: ' lWII. tlJ . ~ ::u : l 'Je~ . ph:l U'-lmu I5-mll:t' i1C t'P'U1tto- t,lor 'IC&~Nlh;I'1'! fU ';1101'1 If' .! :U' n. ". ,t!"IY 
:(i~: lO.90.l0.m Fi1t dt~1 r~t um: :u ... w..:-tb 'l!tl. rtf tn·: ~I:as' _.ULo_dll.lt t...;. \ ~ c:..· lUX 1'1' ~! 
p'uiOe't . : ~r'~Cl:!:I'N.::l1ri'l fH· (r:ll1:V l: it:!':l! ::1:: :trror: (du"-: i~,90 :~:l: ('If!" ." f~ ~ ~t r."·,, 
.u '" UJ~ li;r ~ il : tt~: r (.X';:ne:s :~Xt"h .. : l u.~.t:\l(-li.tr ' eln" ~ I :;S: .. well (. 'tOt, rt ~&a ISJ:C n' 

.tiui1t es'~en:'flil"'H:Io-,ic'!fhi"s 'i ::!oi." ;·L! ;;r 11 w:x:B ~l:il [w:.(\ i'hlt:O JI).n.~ 1 :1'( Xf'lit t'lt 
,U IIIPt. lJlJ.,Jotb r~l . tdue': h.:ps : •. I3I.t2l.tt :'~t ~r:2 (!s'id .r..1J 1"""1 ::hr~t :O.Jll u; ,,'t • IC~ t, , .. 
,U mIUJ.~, r!ltl. r ~fert ·: hl:PS: •. ' 31.t)Ut :·H I,j:(:! QUe:B ~r..l. ('''til' l~l·rrtt ltH 1.:\. (I t" ~ ~ 

H"'<t' COf:ilJ't~tiCl1: , lJ' ,'llt. l:AJ.t~ a.,.ldIPS'! I:O· to"':)f'rts (Ot-jXl'~ l.fllU Oidt'. rtftrt ~:".P'I .. u.. (1. ~I .~~ &(1 
B:!c:N 1;!:' ftrro'-Id ll"'t llUt.!O' fl~! c:tS f.(l1. t> l n : If .. u.u.tb ft',·I. rtlt ·" ~ ' 11 - .NII" t l:' ~ E:!c : ~ 2~!:: {mOtI c1H't lJ.Ut!O: ~ ,1 !,~ /"(it ~Tn: tr .. l).IA ~'l rt't'e' t:'Ji .".f tl '.f -':: 1. 
n.!.~. l; 7~' • (" rIV I,H. ', I,) f )i J~' ,.,,"', ,I,or,1H1 h.. .... . ' 'N:!,...r~· l"'· 

100 



- - - -_ . - - ~ 

101 



Appendix E: Run outputs of Apriori algorithm on the AAUCleanedWeblog dataset 

Runt 

=== Run information (Edited and Formatted) === 

Scheme: 
. . _ . _ . - -1.0 -c -1 Weka.associations.Apriori -N 10 -T 0 -C 0 9 -0 0 05 U 10M 0 17 5 

Relation: _AAUCleanedWeblog 

Instances: 95905 

Attributes: 41 

Apriori 

======= 

Minimum support: 0.17 (15900 instances) 

Minimum metric <confidence> : 0.9 

Number of cycles performed: 20 

Generated sets of large itemsets: 

Size of set of large itemsets l(l): 6 

Size of set of large itemsets l(2) : S 

Size of set of large itemsets L(3): 1 

Best rules found : 

1. URl12=1 URl 30=117346 ==> URl7=116652 conf :( 0.96) 

2. URL14=1 URl24=119165 ==>URl9=11801S conf :( 0.94) 

3. URl33=1 URl7=1 25,123 ==>URl25=123866 conf :( 0.95) 

4. URl12=1 URl26=117100 ==>URl39=115903 conf :( 0.93) 

5. URl14=38967 ==>URUO=135070 conf :( 0.9) 

6. URl10=1 39152 ==>URl38=1 36019 conf :( 0.92) 

7. URl7=142111 ==>URL38=137899 conf:( 0.9) 

8. URL33=1 50123 ==> URl6=44609 conf :( 0.89) 
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Run 2 

=== Run information (Edited and Formatted) === 

Scheme: Weka .associations.Apriori ·N 10 ·T 0 ·( 0.9 ·00.0S·U 1.0 ·M O.03 ·S -1.0 -c · l 

Relation: ·MUCleanedWeblog 

Instances: 95905 

Attributes: 41 

Apriori 

======= 

Minimum support: 0.03 (2881 instances) 

Minimum metric <confidence>: 0.9 

Number of cycles performed: 4S 

Generated sets of large itemsets: 

Size of set of large itemsets L(1): 6 

Size of set of large itemsets l (2) : S 

Size of set of large itemsetsl(3) : 1 

Best rules found : 

1. URl12=1 URl8=12932 ==> URl9=1 2919 conf :(0.99) 

2. URl12=1 URl14=12951 ==> URL31=12900 conf :(0.98) 

3. URL33=1 URl7=1 3048==> URl41=1 2998 conf :(0.98) 

4. URl9=1 URL33=12995==> URl16=1 2883 conf :(0.96) 

5. URl12=l URl 2=1 3400 ==> URl9=1 3001 conf :(0.88) 

6. URlll=l 3358 ==> URL33=1 2890 conf :(0.86) 
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Appendix F: Running outputs of common sequence di scovery from the sequence 
transaction file 

Runt 

=== Run information (Edited and Formatted) === 

Scheme: Weka .associations.PredictiveApriori ·N ;!5 -A -c ·1 

Relation: SeqMining 

Instances: 95,905 

Attributes: 2 

Req2 

Req3 

=== Associator model (full training set) === 

PredictiveApriori 

=================== 

Best rules found: 

1. Req2=UR1l2 35105==:> Req3=URl21 34801 acc :(0.97) 

2. Req2=UR1l4 34054==:>Req3=URl9 33897 ace :(0.96) 

3. Req2=URl10 25678 ==:> Req3=URL15 2385<11 ace :(0.94) . 

Run Z: 

=== Run information (Edited and Formatted) === 

Scheme: Weka .assoclations.PredictiveApriori -N 25 -A -c -1 

Relation : SeqMining 

Instances: 95,905 

Attributes: 2 

Req3 

Req4 

=== Associator model (full training set) === 

to' 



PredictiveApriori 

=================== 

Best rules found : 

1- Req3=URl7 41067==> Req4=URl25 39989 acc:(0.998) 

2. Req3=UR133 27965==> Req4=URl7 27129 acc :(0.946) 

3. Req3=UR114 26876 ==> Req4=URl7 25886 acc:(0.94) 

4. Req3=UR121 27534==> Req4=URl9 26543 acc:(0.94) 

Run3 

=== Run information (Edited and Formatted) === 

Scheme: Weka.associations.PredictiveApriori -N 25 -A -c -1 

Relation: SeqMining 

Instances: 95,905 

Attributes: 2 

Req4 

Req5 

=== Associator model (full training set) === 

PredictiveApriori 

=================== 

Best rules found : 

1. Req4=URl7 21896==> Req5=URl25 21112 acc:(0.976) 

2. Req4=URL9 19098==> Req5=UR133 18764 acc:(0.969 

Run4 

=== Run information (Edited and Formatted) === 

Scheme: Weka.associations.predictiveApriori -N 2S ·A -c - l 
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Relation : SeqMining 

Instances: 95,905 

Attributes: 2 

Req5 

Req6 

=== Associator model (full training set) === 

PredictiveApriori 

=================== 

Best rules found: 

1. Req5=URl33 12986==> Req6=URl16 10763 acc:tO.906} 

Combination of the above rules reveals that the following are the most common sequences In 

the use rs' visit of t he web site. 

• URl33-7URl7-7URl25 

• URl12-7URL21-7UR19 

• URl14-7URl9 

• URll0-7URLl5 
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