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Abstract—Web  Usage  Mining  has  become  an  important  area  of  research  with  the  rapid  expansion  of  the  world  wide  web.  As  more  data  are  becoming  available,  there  is  much  need  to  study  web  user  behaviour  in  order  to  better  serve  the  users  and  increase  business  intelligence.  In  that  context,  it  becomes  more  important  to  analyse  the  next  action  of  the  web  user.  In  web  usage  mining  process,  web  log  data  is  very  important  for  extracting  the  hidden  pattern  and  discovering  the  hidden  rule  in  between  access for  analyzing  purpose.  It  shows  some  discovery  of  association  rule  that  might  help  the  website  administrator  to  improve  the  website  structure  so  that  the  web  pages  could  be  available  for  user  on  first  attempt. The  simulation  has  been  performed  on  the  EPA  log  file  of  user  behaviour  and  characteristics  of  these  data  sets  discovered.  In  the  present  work,  in  web  usage  mining  association  rules  mining  techniques  has  been  used.  For  this  purpose,  RapidMiner  platform  consisting  of  various  web  usage  mining  operators  has  been  used. Analysis  of  the  results  showed  that  using  the  RapidMiner  in  web  usage  mining,  can  model  the  frequency  of  the  user  visiting    the  websites.  Also,  the  rules  for  managing  and  optimizing  the  website  structure  can  be  achieved.
Index Terms— Web Usage Mining, EPA log, Association Rule Mining, RapidMiner.

Introduction

Web  site  is  a  cluster  of  web  pages.  Web  pages  may  have  text,  images,  and  videos.  They  are  linked  by  hyperlinks  through  which  navigation  happens.  Whenever  user  accesses  any  website,  log  files  are  created.  Log  file  records  entire  history  about  each  user’s  website  access.  Due  to  increase  in  usage  of  web  sites  the  dimension  of  log  files  is  increasing  day  by  day.  Data  stored  in  Web  log  files  can  be present  in  a variety of  formats  such  as  the  NCSAs  Common  log  file  format,  the  W3C  Extended  Log  File  format  or  the  IIS  log  file  format.  There  are  different  kinds  of  log  files  which  includes  Error  logs,  Referrer  logs,  and  Access  logs.  Log  files  are  formed  in  a variety of  location  like  web  server,  proxy  server,  and  Client  browser.  For  getting  optimum  results  we  need  to  extract  data  from  all  three  log  files.  Analysis  of  the  patterns  of  user’s  behaviour  and  aptitude  help  in  improving  performance  of  web  site,  by  way of  web  site  design.  

Web  mining  is  the  use  of  a variety of  data  mining  technique  to  determine  data  from  web  pages and their contents.  Web mining is of three types. Web  content  mining,  Web  structure  mining  and  Web  usage  mining.  Web  Content  Mining is about fetching information from the web, be it in the form of content, data or documents or services. On the other hand web structure mining is concerned with the mining of hyperlinks from the website[1]. Web Usage mining is concerned with the mining of usage data which is stored in the website in the form of web logs.  It also analyses the details about the web pages which have been navigated by the web users. This helps in the unfolding of new patterns of web page analysis. Web usage  mining  is  also  called  as  Click-stream  analysis[5].

I. Theoretical background
Web mining can be broadly defined as discovery and analysis of useful information from the World Wide Web. Based on the different emphasis and different ways to obtain information, web mining can be divided into two major parts: Web Contents Mining and Web Usage Mining.

In the present paper emphasis has been placed on Web usage mining. Reasons are very simple: With the explosion of E-commerce, the way companies are doing businesses has been changed. E-commerce, mainly characterized by electronic transactions through Internet, has provided us a cost-efficient and effective way of doing business. 
Web usage mining is achieved first by reporting visitors traffic information based on Web server log files and other source of traffic data (as discussed below). Web server log files were used initially by the webmasters and system administrators for the purposes of “how much traffic they are getting, how many requests fail, and what kind of errors are being generated”, etc. However, Web server log files can also record and trace the visitors’ on-line behaviors. For example, after some basic traffic analysis, the log files can help us answer questions such as  “from what search engine are visitors coming? What pages are the most and least popular? Which browsers and operating systems are most commonly used by visitors?”

Association Rule Mining[3] is used to relate pages that are most often referenced together in a single server session. In context of Web Usage Mining, association rules refer to set of pages that are accessed together with a support value more than some specified threshold. Association rule mining using It is used to relate pages that are most often referenced together in a single server session. In context of Web Usage Mining, association rules refer to set of pages that are accessed together with a support value more than some specified threshold. Association rule mining using Apriori algorithm[7]  may find correlation between users who visited a page containing electronic products to those who access a page about sport related products. A typical example of frequent itemset mining is market basket analysis. This process analyzes customer buying habits by finding association between different items that customers place in their ”shopping carts (baskets)”. The discovery of such associations can help retailers develop marketing strategies by gaining insight into which items are frequently purchased together by customers.

II. Data  Used
The  web  log  data  file  available  from  the  data  repository  at  http://ita.ee.lbl.gov/html/contrib/EPA-HTTP.html  is  being  used  here  for  web  usage  mining.  Every  line  in  log  file  represents  a  request  made  by  a  browser  of  user.  Fig.1  shows  the  web  log  file.
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Fig.  1:  Original  Web  Log  File
III. Pre-Processing  of  Web  Log  Data
The  raw  log  files  are devoid of the format required for conducting data mining. Hence one needs to carry out data pre-processing of these web log data.  The  various  pre-processing  tasks  are  data  cleaning,  data  filtering,  user  identification,  session  identification  and  path  extraction,  as  shown  in  Fig.  2  below.  Data  preprocessing  is  very  essential  for  data  analysis.  Therefore,  data  preprocessing  help  to  achieve  the  complete  success  in  getting  knowledgeable  data  for  the  process  of  knowledge  discovery.

[image: image2]
Fig.  2:  Pre-Processing  Steps
IV. Stages  of  Web  Usage  Mining  for  Web  Page  Ranking
The  various  processes  carried  out  for  web  page  analysis  are  given  in  Fig. 3  below

[image: image3]
Fig  3.  :  Snapshot  of  the  Process  for  carrying  out  Association  Rule  Mining
A. Reading  Pre-Processed  data  into  Rapid  Miner
Here  initially  the  web  log  dataset  after  pre-processing  is  imported  into  Rapid  Miner  platform  using  the  READ  EXCEL  file  operator.

B. Converting  Nominal  to  Binominal  data  using  RM  operator
This  operator  changes  the  type  of  selected  nominal  attributes  to  a  binominal one, thus mapping its value to binomial one in the form of true or false.
C. Applying F-P Growth Operator
This  operator has FP-tree data structure for calculating frequent itemsets from the given example sets. For this the input example sets should be of binomial type. Thus frequent item sets are item groups which are used together very often. Thus in the data they appear together. Thus it is seen that frequent itemset is related to the study of association rule mining. This rule is obtained from frequent itemsets, which are found by using FP-Growth operator, which are further used by Create  Association  Rules  operator  for calculating the association rule. All  frequent  itemsets  are  derived  from  this  FP-tree.  Many  other  frequent  itemset  mining  algorithms  also  exist  e.g.  the  Apriori  algorithm. The benefit of using the FP-Growth over Apriori is that it uses onle two data scans and is thus suitable for large datasets.

D. Finally  applying  Association  Rule  Mining
This  operator  generates  a  set  of  association  rules  from  the  given  set  of  frequent  itemsets.  Association  rules  are  if/then  statements  to find out the relationship amongst apparently unrelated  data.  For example  "If  a  customer  buys  bread,  he  is  80%  likely  to  also  purchase  butter."  An  association  rule  has  an  antecedent  (if)  and  a  consequent  (then) part.  In a data antecedent is known as an itemset, on the other hand itemset found in combination with the antecedent is known as consequent.

In order to create association rules, data are analysed for frequent if/then patterns and further using support and confidence the most important relationship is found out. Support is the frequency of appearance of an item in a database, while confidence is the measure of the number of times the if/then statement is set to be true. The  frequent  if/then  patterns  are  mined  using  the  operators  like  the  FP-Growth  operator.  The  Create  Association  Rules  operator  use  these  frequent  itemsets  and  develop  association  rules.

V. Evaluation Criteria Used
Two  important  measures  to  evaluate  the  metrics  for  association  rules  support  (s)  and  confidence  (α)  can  be  defined  as  follows:

Support:  Support  of  a  rule  is  a  measure  of  how  frequently  the  items  involved  in  it  occur  together.  Using  probability  notation:  support  (A  implies  B)  =  P(A,  B)  [26].

Support(s)  is  calculated  by  the  following  formula  [16]:
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From  the  definition  we  can  see,  support  of  an  item  is  a  statistical  significance  of  an  association  rule.  Suppose  the  support  of  an  item  is  0.1%,  it  means  only  0.1  percent  of  the  transaction  contains  purchasing  of  this  item.  Before  the  mining  process,  users  can  specify  the  minimum  support  as  a  threshold,  which  means  they  are  only  interested  in  certain  association  rules  that  are  generated  from  those  item  sets  whose  supports  exceed  that  threshold  [16][15].
Confidence
The  percentage/fraction  of  the  number  of  transactions  that  contain  
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to  the  total  number  of  records  that  contain  X,  where  if  the  percentage  exceeds  the threshold.
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Confidence  is  a  measure  of  strength  of  the  association  rules,  suppose  the  confidence  of  the  association  X  =>  Y  rule  is  80%,  it  means  that  80%  of  the  transactions  that  contain  X  also  contain  Y  together,  similarly  to  ensure  the  interestingness  of  the  rules  specified  minimum  con¯  Confidence  is  also  pre-defined  by  users.

VI. Result  Analysis
Association  rules  in  web  usage  mining  are  used  to  find  the  relationship  between  user  sessions that  frequently  appear  together [ 17].  Each  association  rule  is  described  by  the  ratio  of  Support  and  Confidence  [18].  The  Support  of  an  item  set  is  equal  to  the  number  of  transactions  that  includes  that  item  set.  After  setting  mining  parameter  such  as  support,  confidence,  the  web  usage  mining  begins.  The  result  of  association  rule  mining  is  shown  in  figure  4  and  5  below.

The  discovery  of  association  rules  in  transactional  web  data  have  many  advantages.  For  Example  according  to  Table1 given below,  a  rule  like  the  one  with  high  reliability.

[image: image7.png]ZZ Result Ovenvisw
‘Show ules matching

all of these conclusions:

docs/WhatsNew.html
Info.ntml

PICHtmI
‘docsWhatsHothtmi
docs/mdvacancyim.
docs/mavacancys-
docs/mavacancyin
308bisumL.htmi
308bisumL.htmi

Min. Criterion:

confidence.

Min. Criterion Value:

5

T FrequentitemSets (FP-Growth)

BYRRRBNRY

TR AssociationRules (Create Assaciation Rulzs)

PAGE4 =

PAGE4 =
PAGE2
PAGE2
PAGE2=
PAGE2
PAGE3
PAGE2=
PAGE3
PAGE3
PAGE2=
PAGET
PAGET
PAGE2=
PAGE3
PAGET
PAGE2=
PAGET
PAGE3
PAGE1=

Premises.
docs/mdvacancy/s-al1 bt htmi PAGET=
‘docsMWhatsNew.html PAGE3=
docs/mdvacancy/s-al1 e htmi PAGE2=
docs/mdvacancy/s-al1 bt htmi PAGE3=
docs/mdvacancy/s-al1 e htmi PAGE1=
docs/mdvacancy/s-al1 bt htmi PAGE1=
docs/mdvacancy/s-al1 e htmi PAGE2=
docs/mdvacancy/s-al1 bt htmi PAGE1=
‘docs/OSWERSUperupdate htmi PAGE1=
docsfitesearch.htmi PAGE1=
‘docs/mavacancymetavac b himi PAGE1=
docs/Procurement tmi PAGE1=
docsimdvacancyindex htmi PAGE1=
docsindexhtmi PAGE1=
docsimdvacancyindex htmi PAGE2=
docsimdvacancyindex htmi PAGE4 =
308bisumL.htmi PAGE1=
308bisumL.htmi PAGE2=

Infontml PAGE4= docsmhrmaNacancylt PAGE2 =
docsimdvacancymetavacthimi , PAGE PAGET =
docsimdvacancyindex htmi PAGE1=
Infontml ,PAGE3= docshrmaNacancyii PAGE2 =
docsimavacancymetavac bt himi , PAGE PAGET =
Infontml ,PAGE4= docshrmaNacancylt PAGE3 =
docsimdvacancyindex htmi PAGE1=
Infontml ,PAGE3= docshrmaNacancyii PAGE4 =
docsimdvacancy/s-al1 bthiml |, PAGE3 = PAGET =
docsimdvacancymetavacthimi , PAGE PAGE3 =

Conclusion
Info.ntmi

‘docsMWhatsHothtmi
‘docs/mdvacancymetavac bt htmi
docsimdvacancyindex htmi

Infontml ,PAGE2=  docsmrmanacancyl
Infontml ,PAGE3= _docsihimaNvacancyl
docsimavacancymetavactthimi , PAGE
Infontml ,PAGE2= _ docsmhrmaNacancyi
docs/WhatsNew.html

PICtmI

Info.ntml

Info.ntmi

Info.ntml

PICtmI
‘docs/mdvacancymetavac bt htmi
docs/mdvacancy/s-al1 bt htmi
308bisumL.htmi

308bisumL.htmi
‘docs/mdvacancymetavac bt htmi
Info.ntmi

Infontml ,PAGE2=  docsmrmanacancyi
docs/mdvacancymetavac et htmi
Info.ntml

docsimdvacancyindex htmi

Infontml ,PAGE4=  docsmhrmanacancyt
docs/mdvacancy/s-al1 bt htmi

Info.ntml

docsimdvacancyindex htmi

‘Support Confiden..LaPlace Gain

0017
0017
0017
0017
0017
0017
0017
0017
0023
0023
0028
0023
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017

0.750
0750
0750
0750
0750
0750
0750
0750
0.800
0.800
1

0.994
0.994
0.994
0.994
0.994
0.994
0.994
0.994
0.995
0995
1

-0.028
0028
-0.028
0028
-0.028
0028
-0.028
0028
0,034
0034
-0.028
0023
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017
0017

ps
0015
0016
0016
0017
0016
0017
0017
0017
0020
0021
0026
0021
0016
0016
0016
0017
0017
0017
0016
0016
0016
0016
0016
0017
0017
0017
0016
0017

Lt
11.082
18.964
26550
44250
26550
44250
44.250
44250
10114
15733
14750
14750
14750
19.667
35.400
44250

35.400
14750
35.400
35400
14750

44250
14750

3729
3842
3887
3932
3887
3932
3932
3932
4.605
4746




Fig.  4:  RapidMiner  Output  showing  the  association  rule  of  web  pages  confidence  0.75
[image: image8.png]BYRRRBNRY

Premises
enviro/tmllef_home.ntmi
docs/mdvacancymetavac et htmi
‘docs/mdvacancymetavac bt htmi
docs/mdvacancymetavac et htmi

Infontml ,PAGE2=  docsmrmanacancy/m
docs/mdvacancymetavac et htmi

Infontml ,PAGE2=  docsmrmanacancy/m
docs/mdvacancymetavac et htmi
‘docs/mdvacancymetavac bt htmi

Infontml ,PAGE2= _docsmhrmaNvacancyim
docs/mdvacancy/s-al1 e htmi
‘docsMWhatsNew.html
docs/mdvacancy/s-al1 e htmi
docs/mdvacancy/s-al1 bt htmi
docs/mdvacancy/s-al1 e htmi
docs/mdvacancy/s-al1 bt htmi
docs/mdvacancy/s-al1 e htmi
docs/mdvacancy/s-al1 bt htmi
‘docs/OSWERSUperupdate htmi
docsfitesearch.htmi
‘docs/mdvacancymetavac bt htmi
docs/Procurement tmi
docsimdvacancyindex htmi

docsindexhtmi

docsimdvacancyindex htmi
docsimdvacancyindex htmi
308bisumL.htmi

305b/sum.htmi

Conclusion
‘Software.ntml

docs/mdvacancy/s-al1 bt htmi

docsimdvacancyindex htmi

Infontml ,PAGE4= docsimaNvacancy/5-alt.thtm

docs/mdvacancy/s-al1 e htmi

Infontml ,PAGE3= docsmhrmanacancyindex himi

docsimdvacancyindex htmi

docsirmdvacancy/5-al1 bthiml | PAGE3=  docs/rmdNacancyindexhimi

Infohtml PAGE4= docshrmdivacancy/5-al1bthtmi ,PAGE3 =  docsirmdvacancy
docsirmdvacancy/5-al1 bthiml | PAGE3=  docs/rmdNacancyindexhimi

Info.ntml

‘docsMWhatsHothtmi

‘docs/mdvacancymetavac bt htmi

docsimdvacancyindex htmi

Infontml ,PAGE2=  docsmimaNvacancyimetavac.htmi

Infontml ,PAGE3= _docsmhrmaNacancyindex himi

docsimdvacancymetavactthimi |, PAGE3 = docsirmdvacancylindex htmi

Infohtml PAGE2= docshrmdivacancyimetavactihtml PAGE3= docshrmdivacar
docs/WhatsNew.html

PICtmI

Info.ntml

Info.ntmi

Info.ntml

PICtmI

‘docs/mdvacancymetavac bt htmi

docs/mdvacancy/s-al1 bt htmi

308bisumL.htmi

305b/sum.htmi





Fig.  5:  RapidMiner  Output  showing  the  association  rule  of  web  pages  confidence  0.5
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Fig.  6  :  Graphical  Plot  of  the  Web  Page  Association  using  confidence  0.75
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Fig.  7  :  Graphical  Representation  for  Association  Rule  using  Confidence  of  0.5
As  we  can  see  in  the  above  Table1,  that  after  accessing  PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html  '  the  user  also  accessing  PAGE1  =  Info.html  and  so  on.  The  same  has  been  depicted  graphically  in  Fig.  6  above.  The  Table  1  given  above  is  depicting  the  use  of  various  page  accesses  with  respect  to  their  support  count  and  confidence  count.  These  results  are  supposed  to  be  for  analysis.
In  web  usage  mining  process,  web  log  data  is  very  important  for  extracting  the  hidden  pattern  and  discovering  the  hidden  rule  in  between  access.  As  an  example,  the  Table  2  given  above  prepared  for  analyzing  purpose  shows  the  some  discovery  of  association  rule  that  might  help  the  website  administrator  to  improve  the  website  structure  so  that  the  web  pages  could  be  available  for  user  on  first  attempt.  The  rule  set  from  Table1  above  shows  that  most  of  users  visit  Page4  also  visit  Page2  and  Page3  simultaneously.  They  also  visit  the  Page1  webpage  from  another  website.  This  result  has  analyzed  only  for  study  purpose.  In  another  rule  like  rule  at  sl.  No.  11  and  12  in  Table1  above,  if  users  are  accessing  the  two  different  websites  then  they  are  also  accessing  the  page  PAGE1  =  Info.html  means  this  shows  that  the  a  web  page  with  high  confidence  count  can  also  have  the  considerable  support  count  and  depending  on  that  website  admin  can  make  the  link  to  that  page  from  this  multiple  step  so  that  it  can  help  the  user  to  access.  In  rule  2,  if  there  is  the  good  support  count  for  the  rule  then  website  administrator  can  make  the  changes  or  admin  can  consider  the  changes  in  website  structure  to  make  direct  link  between  the  PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html  website  to  the  pages  PAGE1  =  Info.html  ,  PAGE2  =  docs/hrmd/vacancy/metavac.txt.html  and  hence  rule  PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html  -->  PAGE1  =  Info.html  ,  indicate  that  the  admin  can  put  a  direct  link  between  the  two  pages  that  may  help  users  to  find  their  interest.  Also  as  seen  in  Table  1  above,  most  of  the  users  visiting  various  websites  do  visit  ‘Info.html’  with  good  confidence.    So,  it  is  suggested  this  site  to  be  linked  to  all  the  sites.  

Further  from  Table  2  above,  it  is  seen  that  those  visitors  with  support  of  0.017,  visiting    Info.html  also  visit  docs/hrmd/vacancy/metavac.txt.html  ---->  docs/hrmd/vacancy/5-al1.txt.html  ------  >    docs/hrmd/vacancy/index.html  pages  in  sequence.

Further  an  analysis  has  been  done  of  the  web  page  ranking  using  association  rule  mining  with  confidence  of  0.75  and  0.5.  The  comparative  results  have  been  depicted  in  Table  2,  along  with  their  rapid  miner  results  at  Fig.  4  &  5  and  graphical  plots  at  Fig.  6  &  7.  Since,  Confidence  is  a  measure  of  strength  of  the  association  rules,  hence  the  comparative  analysis  shows  that  lowering  the  confidence  to  0.5  has  resulted  in  45  association  rules  between  the  various  web  pages  as  against  27  rules  using  confidence  of  0.75.  This  shows  that  lowering  of  confidence  results  in  those  web  pages  which  have  weak  association.  Thus  higher  the  confidence  the  better  the  web  page  ranking.
	Sl.  No.
	Premise
	Conclusion
	Support
	Confidence

	1
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE1  =  Info.html
	0.016949153
	0.75

	2
	PAGE2  =  docs/WhatsNew.html
	PAGE3  =  docs/WhatsHot.html
	0.016949153
	0.75

	3
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	0.016949153
	0.75

	4
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE3  =  docs/hrmd/vacancy/index.html
	0.016949153
	0.75

	5
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE1  =  Info.html  ,  PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	0.016949153
	0.75

	6
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE1  =  Info.html  ,  PAGE3  =  docs/hrmd/vacancy/index.html
	0.016949153
	0.75

	7
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html  ,  PAGE3  =  docs/hrmd/vacancy/index.html
	0.016949153
	0.75

	8
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE1  =  Info.html  ,  PAGE2  =  docs/hrmd/vacancy/metavac.txt.html  ,  PAGE3  =  docs/hrmd/vacancy/index.html
	0.016949153
	0.75

	9
	PAGE2  =  docs/OSWERSuper/update.html
	PAGE1  =  docs/WhatsNew.html
	0.02259887
	0.8

	10
	PAGE2  =  docs/titlesearch.html
	PAGE1  =  PIC.html
	0.02259887
	0.8

	11
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	PAGE1  =  Info.html
	0.028248588
	1

	12
	PAGE2  =  docs/Procurement.html
	PAGE1  =  Info.html
	0.02259887
	1

	13
	PAGE3  =  docs/hrmd/vacancy/index.html
	PAGE1  =  Info.html
	0.016949153
	1

	14
	PAGE2  =  docs/index.html
	PAGE1  =  PIC.html
	0.016949153
	1


Table  1:  Output  of  the  Web  Page  Association  with  support  and  confidence
	Sl.  No

	Size
	Support
	Item  1
	Item  2
	Item  3
	Item  4

	1
	1
	0.017
	PAGE2  =  docs/WhatsHot.html
	  
	  
	  

	2
	1
	0.017
	PAGE2  =  docs/Welcome/EPA.html
	  
	  
	  

	3
	1
	0.017
	PAGE2  =  305b/sum1.html
	  
	  
	  

	4
	1
	0.017
	PAGE1  =  information.html
	  
	  
	  

	5
	1
	0.017
	PAGE1  =  docs/Welcome/EPA.html
	  
	  
	  

	6
	1
	0.017
	PAGE1  =  docs/CSO.html
	  
	  
	  

	7
	1
	0.017
	PAGE1  =  Research.html
	  
	  
	  

	8
	1
	0.017
	PAGE1  =  News.html
	  
	  
	  

	9
	1
	0.017
	PAGE1  =  305b/sum1.html
	  
	  
	  

	10
	2
	0.023
	PAGE1  =  docs/WhatsNew.html
	PAGE2  =  docs/OSWERSuper/update.html
	  
	  

	11
	2
	0.028
	PAGE1  =  Info.html
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	  
	  

	12
	2
	0.017
	PAGE1  =  Info.html
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	  
	  

	13
	2
	0.023
	PAGE1  =  Info.html
	PAGE2  =  docs/Procurement.html
	  
	  

	14
	2
	0.017
	PAGE1  =  Info.html
	PAGE3  =  docs/hrmd/vacancy/index.html
	  
	  

	15
	2
	0.017
	PAGE1  =  Software.html
	PAGE2  =  enviro/html/ef_home.html
	  
	  

	16
	2
	0.023
	PAGE1  =  PIC.html
	PAGE2  =  docs/titlesearch.html
	  
	  

	17
	2
	0.017
	PAGE1  =  PIC.html
	PAGE2  =  docs/index.html
	  
	  

	18
	2
	0.017
	PAGE3  =  docs/WhatsHot.html
	PAGE2  =  docs/WhatsNew.html
	  
	  

	19
	2
	0.017
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	  
	  

	20
	2
	0.017
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	PAGE3  =  docs/hrmd/vacancy/index.html
	  
	  

	21
	2
	0.017
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE3  =  docs/hrmd/vacancy/index.html
	  
	  

	22
	2
	0.017
	PAGE2  =  305b/sum1.html
	PAGE1  =  305b/sum1.html
	  
	  

	23
	3
	0.017
	PAGE1  =  Info.html
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	  

	24
	3
	0.017
	PAGE1  =  Info.html
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	PAGE3  =  docs/hrmd/vacancy/index.html
	  

	25
	3
	0.017
	PAGE1  =  Info.html
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE3  =  docs/hrmd/vacancy/index.html
	  

	26
	3
	0.017
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE3  =  docs/hrmd/vacancy/index.html
	  

	27
	4
	0.017
	PAGE1  =  Info.html
	PAGE2  =  docs/hrmd/vacancy/metavac.txt.html
	PAGE4  =  docs/hrmd/vacancy/5-al1.txt.html
	PAGE3  =  docs/hrmd/vacancy/index.html


Table  2  :  Frequent  Item    Sets  of  various  web  pages  using  confidence  0.75
Conclusions
Web  Usage  Mining  has  become  an  important  area  of  research  with  the  rapid  expansion  of  the  world  wide  web.  As  more  data  are  becoming  available,  there  is  much  need  to  study  web  user  behaviour  in  order  to  better  serve  the  users  and  increase  business  intelligence.  In  that  context,  it  becomes  more  important  to  analyse  the  next  action  of  the  web  user.  A  literature  survey  reveals  that  there  are  many  approaches  for  discovering  patterns  from  web  logs  that  help  in  analysing  the  web  access  behaviour  of  the  users.  

In  web  usage  mining  process,  web  log  data  is  very  important  for  extracting  the  hidden  pattern  and  discovering  the  hidden  rule  in  between  access,  as  given  in  Table  1  prepared  for  analyzing  purpose.  It  shows  some  discovery  of  association  rule  that  might  help  the website  administrator  to  improve  the  website  structure  so  that  the  web  pages  could  be  available  for  user  on  first  attempt.

The  simulation  has  been  performed  on  the  EPA  log  file  of  user  behaviour  and  characteristics  of  these  data  sets  discovered.  In  the  present  work,  in  web  usage  mining  association  rules  mining  techniques  has  been  used.  For  this  purpose,  RapidMiner  platform  consisting  of  various  web  usage  mining  operators  has  been  used.

Analysis  of  the  results  showed  that  using  the  RapidMiner  in  web  usage  mining,  can  model  the  frequency  of  the  user  visiting    the  websites.  Also,  the  rules  for  managing  and  optimizing  the  website  structure  can  be  achieved.
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