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Abstract
World Wide Web is an important area for data mining research 
due to the huge amount of information.  The success of the WWW 
depends on response time. Predictive prefetching is an important 
technique to reduce latency. To predict the user request, millions 
of web logs from server side need to be analyzed. Identification of 
user session boundaries is one of the most important processes for 
predictive prefetching of user next request based on their navigation 
behavior.  In this paper user session boundaries are identified using 
IPaddress, browsing agent, and then by considering intersession 
and intrasession timeouts, and immediate link analysis. A complete 
set of user session sequences and the learning graph based on 
these user session sequences is also generated. We note that all 
the works ignored some of the following important issues for 
the prediction.  They are Analysis of non-prefetchable items, 
prefetching objects that are newly created or never visited before, 
Analysis of aging factor, Document size to be cached and cache 
utilization factors, and Analysis of document duplication process. 
This paper proposed the algorithm that prefetches the objects 
based on all the above factors except the document duplication 
problem. The survey indicates that GDSF based Predictive Web 
Caching (NGRAM) and keyword based semantic prefetching with 
LRU (KBSP) methods outperforms than the existing methods.  
So, in this study NGRAM and KBSP methods performances are 
compared against the proposed algorithms. The performance 
metrics in our experimental study are prefetching Hit ratio, Byte 
hit ratio, and Waste ratio for different cache sizes. 
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I. Introduction
The WWW provides access to abundance of information for the 
Internet users.  Users encounter many problems when interacting 
with the web [1]. Web mining techniques attempt to solve some 
issues in the above problems.  Web usage mining uses web log 
data to discover patterns of user’s web access.  Access histories 
of users visiting a web server are automatically recorded in client 
and server side.  Server side logs are considered in this paper.  
In general web log data are usually noisy and extremely ambiguous 
[2].  So, log entries need to be cleaned and grouped into user 
session.  A session is defined as a group of requests made by a 
single user for a single navigation purpose. A user may have a 
single session or multiple sessions during a period of time.  In 
this paper, we cleaned the web logs [3] and generated the user 
session sequences [4].  The learning graph is generated for these 
sequences. This paper proposed the algorithm that handles the 
factors:  i. Newly created or Never visited pages ii. Learning 
Graph  iii. Analysis of Aging factor iv. Web page size to be cached 
and cache utilization factors and. v. Analysis of non_prefetchable 
items. The GDSF based Predictive Web Caching (NGRAM) and 
Keyword based Semantic Prefetching with LRU (KBSP) methods 
are compared against our proposed algorithm.

II. Related Works
Predictive Prefetching is an important process to predict the user’s 
future request’s and load the anticipated pages in the cache before 
user places the request for these pages.  In this paper various 
caching algorithms are analyzed.

A. Caching Algorithms without Future Prediction
The present best-known strategies are the following:

1. FIFO
Objects are ordered according to their arrival time, and the most 
recent ones are removed first.
SIZE: Objects are ordered by size, with the largest ones removed 
first [5].

2. LFU
Objects in cache maintain a counter of the number of requests.  
Objects with the least number of requests are removed first.

3. LRU
Objects are ordered by last access time and those with the older 
value are removed first.  

4. SLRU (Size Adjusted LRU [6])
Objects are stored by the product ∆T*Size, ∆T being the number 
of requests received since the last access to the object.  Entities 
with higher values are removed first.

5. LRU_Threshold
Identical to LRU, except that no object larger than a threshold 
size is cached even if the cache has room.

6. LRU_Min
When the cache has to make room for an object of size s, first it 
tries to do it by evicting objects of sizes or greater in LRU order.  If 
that fails, it tries with objects of size S/2 or more, then S/4 or more, 
S/8 or more and so on, at each step following the LRU order.

7. Offline Algorithms
These offline algorithms [7] are not viable in practice due to their 
requirement of knowing future requests.

(i). OFMA (Offline Fault Model Algorithm)
In the fault model, the cost of an algorithm for a request sequence 
σ equals the number of cache misses and it guarantees that, for 
any request sequence σ, the number of cache misses is within 
the factor 3 log K, where K is the ratio between the largest and 
smallest document in σ.

(ii). OBMA (Offline Bit Model Algorithm)
In the Bit Model, we sum up the sizes of the documents each 
time they are brought into cache.  The cost of this algorithm is 
essentially within the factor 5 (log K + 4).  The goal of this FM 
and BM are to maximize hit ratios and byte hit ratios, respectively. 
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Both models do not discriminate whether a document stored is a 
proxy or in a browser cache.

8. GDSF
Consider the existing GDSF (Greedy Dual Size Frequency [8]) 
cache replacement policy. In GDSF the ranking function for object 
is computed using: K (p) = L + F (p) * C (p) / S (p); where F (p) 
is the access count of document p, C (p) is the estimated cost of 
accessing the object p, and S (p) is the document size.  The factor 
L is an aging factor.  The frequency count is incremented by one 
whenever the object is accessed from the cache.  When replacing 
an object in a cache, the object with the lowest key K(P) value is 
removed. This can be considered as making zero order prediction 
for future access frequencies.

B. Caching Algorithms Including Future Prediction

1. Extension Of GDSF Algorithm
Qiang Yang and Hiaining Zhang [9] has developed n-gram-
based prediction algorithm.  Web logs are used to train sequential 
association rules to predict web users browsing behavior. So the 
rewritten ranking function for object p as: K (p) = L + (W (p) + 
F (p)) * C (p) / S (p); where W (p) is the predicted future access 
using association rules.   

2. Extension of LRU
Fancesco, et al. [10] presented an approach based on decision trees:  
The key idea utilized here is to extend the LRU cache replacement 
policy. ORCL (OraCLe Strategy) is selected for caching. At each 
time, the weight of an entity is ∆’T * size, where ∆’T is the number 
of requests that will be received until the next access to the object. 
Entities with higher values of  (∆’T * size) are removed first. In 
Keyword Based Semantic Prefetching (KBSP) [11], based on 
semantic preferences, this approach is capable of prefetching pages 
whose URLs have never been accessed. KBSP [11] uses LRU as 
a cache replacement policy. 
In this paper NGRAM [9] and KBSP [10] methods performances 
are compared against our proposed algorithm.

III. Proposed Model
The organization of the paper is as follows:  In section I importance 
for cleaning process is discussed and in section II an algorithm is 
discussed for user session identification and generation process. 
In section III predictive prefetching algorithm is proposed. In 
section IV performance of the proposed Prefetching algorithm 
with GDSF cache replacement technique is compared with GDSF 
[8], (NGRAM) [9], LRU and KBSP [10].  In section V the future 
extension of this work is discussed.  Finally, the paper is concluded 
in section VI.

A. Cleaning Process 
Using web logs we can predict user’s next request without 
disturbing them. But the details / files available in the web logs 
are not appropriate as such for the purpose of mining navigation 
pattern and hence the cleaning of web logs is necessary as a 
preprocessing phase [3]. Therefore the actions in Table 1 need 
to be done with the server logs.  After the cleaning process only 
valid HTML documents remain in the request sequence.  These 
can be used for the user session identification stage.     

Table 1. Cleaning Algorithm
Remove logs not containing HTML documents from the 1. 
user requested pages.
Delete logs having codes other than 200, 304 and 306 2. 
with GET method.
Delete logs generated for extremely long user sessions 3. 
by search engine.
Delete entries related to web robots request and system 4. 
request.
Pages that are accessed less frequently than the minimum 5. 
threshold value can be deleted if they are not in the browser 
cache (304) or in the proxy cache (306).

B. User Session Identification Process
There are several ways to identify individual visitors [8]. They 
are, using cookies, registration details and IP address. The various 
issues related to this process are as follows: 

Violations of user’s privacy as cookies allow intersession 1. 
tracking of users. 
In case of user registration many users neglect pages with 2. 
registration details.  
User IP address is complicated with the issues like existence 3. 
of local and proxy server caches, clients web access from 
multiple hosts, users not attending the system for a long 
time, and the difference between directory structure and URL 
structure of a page.

The algorithm for user access pattern generation is as follows 
[4,16]:

1. Groups the web logs based on the IPAddresses and the • 
browsing agents used by the users.
2. Identify the sessions for each user access list returned by • 
the first step:
Consider two log entries CUR and NEXT in a user access list. 1. 
If the <URL request> page of NEXT is immediately accessed 
from <URL request> page of CUR with in 30 minutes then 
<URL request> page of NEXT and <URL request> page of 
CUR belong to same user session.
Create the entry for above user session sequence in AHL. 2. 
Check whether the <URL request> page of NEXT is reachable 3. 
from <URL request> page of CUR using AHL. If so then 
<URL request> page of NEXT and <URL request> page 
of CUR belong to different user sessions and generate a 
complete path.  If the backward reference analysis fails 
then this indicates that the <URL request> page of NEXT is 
directly accessed from some other server.

III.   Predictive Prefetching and Caching Model
Architecture for predictive prefetching process is explained in 
section III.A.  Analysis of factors involved in predictive prefetching 
process is discussed in section III.B.1. In section III.B.2 the data 
structure needed to represent the server page is explained. In 
section III.B.3 the algorithm for predictive prefetching and caching 
process is discussed.

A. Predictive Prefetching and Caching Architecture
Consider the proposed architecture of prefetch module.
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Fig. 1: Architecture of Prefetch Module

The simplified prefetching architecture (without network 
equipment such as switches, routers, etc) used in this work is 
presented in fig. 1. This architecture consists of three main parts: 
the back end (server), the front end (client) and the optional 
proxy server.  To perform prefetching tasks, different algorithms 
have been included in the server side. Clients take the generated 
predictions to download those pages in advance.

B. Predictive Prefetching and Caching Process

1. Analysis of Factors Involved in Predictive Prefetching   
Process

(i). Factor 1: Analysis of Page Dependency 
User session sequences generated [4] are used to construct the 
dependency graph. The dependency graph shows the pattern of 
access to different pages stored at the server. The graph has a node 
for every page that has ever been accessed.  There is an arc from 
node A to node B if and only if B was accessed within m (lookahead 
window size) accesses after A.  The weight (dependency) on the 
arc is defined as the ratio of the number of requests for a page 
(child) as n-next of specified page to the total number of requests 
for the specified page (parent).
Access probability (page B) = Min (1, CB / CA) (1)             
Where CB is the number of requests for child node (B) after the 
parent node (A) is requested in the dependency graph and CA is 
the total number of requests for parent node (A).

(ii). Factor 2: Analysis of Non-Prefetchable Items
A web page is prefetchable if and only if it is cacheable and is 
safely retrievable. This leads to the concept of page expiration.  It is 
useless to prefetch and cache an object if it expires very frequently 
or if it is different every time it is requested. The objects / pages 
that fall into this category are dynamically created pages.  If a 
page has a high dependency probability of being requested after 
specified page, but its content appears to change continuously, 
prefetching of this page is useless.  Every time the page is found 
as n-next of the particular (active) page, its size is compared with 
the size it had when it was last requested as n-next of the same 
page.  The frequency of change for such a page is defined as the 
ratio of the times the size of the page is found to have changed 
to the total number of times the page was requested as n-next of 

the examined page.

 (2)

(iii). Factor 3: Analysis of Newly Created / Never Visited 
Pages using Semantic Links 
As such there is no way for the dependency graph based approaches 
to predict and prefetch the objects that are newly created or never 
visited before. To handle this issue, we use semantic information 
associated with a web page’s links to predict a user’s next web 
page. The work conducted by Zhuge (2003) [14] defines semantic 
links between resources. In Zhuge (2004) [15] a comprehensive 
mathematics theory and formal structure of the semantic link 
network with various applications on the use of semantic links 
are given.  A semantic link is different from a hyperlink in that a 
semantic link represents a pointer with a type / meaning directed 
from one web page to another web page.  A semantic link reflects 
a certain type of semantic relevancy between two web pages. 
The following semantic link types have been defined in Zhuge 
(2003):

Sequential Link (seq) – The predecessor web page should be • 
browsed or used before the successor web page.
Similar to link (sim) – The semantics of the successor web • 
page is similar to that of its predecessor web page.
Cause-effective link (ce) – Predecessor web page is the cause • 
of its successor web page; the successor is the effect of its 
predecessor.
Implication Link (imp) – The semantics of the predecessor • 
web page implies the successor web page.
Subtype link (st) – The successor web page is a part of its • 
predecessor web page.
Instance Link (ins) – The successor web page is an instance • 
of the predecessor web page.
Reference Link (ref) – The successor web page is a further • 
explanation of the predecessor web page.

The semantic link priority is: ref < ins < st < imp < ce < sim < 
seq, such that the right most type reflects a stronger relationship 
between the two documents than the left most type. A <ref> 
type is similar to a type-less hyper-link that links two web pages 
together without any specific meaning, while a seq type conveys 
a very strong correlation between the two web pages and one 
follows the other in progression.  In this work, the server pages 
are analyzed and ranked accordingly, where a page with <seq> 
receives the highest rank and <ref> receives the lowest rank. This 
semantic link type serves as a basic set, which in future research 
can be expanded to include other link types. Even though the page 
dependency is less than the prefetch threshold, prefetching of the 
page is preferable if its semantic link priority is high.

(iv). Factor 4: Analysis of Aging Factor
Dependencies between accesses to different pages may vary with 
time.  Certain pages at a web site might be popular for a few 
days, so it would make sense to prefetch them, as the popularity 
of these pages wanes, prefetching them become less beneficial. 
ANAALG in Chapter 3 is used to analyze the popularity rank 
for the access duration (PRD) of the pages using server logs.  In 
general, the duration depends on the scope of the server.  For 
example, if the server is for educational institution (edu), then the 
duration is an academic year.  Here, consider the server logs for the 



IJCST Vol. 3, ISSue 4, oCT - DeC 2012

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  805

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

entire academic year, and categorize the PRD for the pages using 
ANAALG. In an academic institution the information related to 
students, faculty members and other common activities are stored 
in the server.  During the examination period, the page related to 
examination will be hit more and during the faculty appraisal the 
page related to performance analysis of faculty members will be 
hit more.  So, the server hit depends on the kind of activities that 
happened during specific period of the academic year.  Hence the 
PRD for pages are categorized as follows:
D1 -  if access count within the given / current duration is less 
than 25% of the total access to that page.
D2 -  if access count within given / current duration is between 
25% to 50% of the total access to that page.
D3 -  if access count within the given / current duration is between 
50% to 75% of the total access to that page.
D4 -  if access count within the given / current duration is above 
75% of the total access to that page.
Let us analyze the use of PRD in a situation related to examination 
information available in the server. Let the page PGET is related 
to the examination time table of the educational institution (klnce.
edu) server. Aging factor for PGET is defined as follows based 
on the klnce.edu server logs of users accesses during academic 
year 2006 to 2007:

During 15• th March 2006 to 15th April 2006 and 15th October 
2006 to 15th November 2006, access to PGET is above 75%.  
So, this duration belongs to A75PRD (D1).
During 16• th April 2006 to 21st May 2006 and 16th November 
2006 to 20th December 2006, access to PGET is between 75% 
and 50%. So, this duration belongs to B75PRD (D2).
During 22• nd May 2006 to 14th June 2006 and 21st December 
2006 to 10th January 2007, access to PGET is between 50% 
and 25%. So, this duration belongs to B50PRD (D3).
During 15• th June 2006 to 14th October 2006 and 11th January 
2007 to 14th March 2007, access to PGET is below 25%. So, 
this duration belongs to B25PRD (D4).

The PRD based on aging factor of the page (PGET) is: D4 < D3 
< D2 < D1, the right most duration reflects a high PRD than the 
left most duration.  In this study, for a particular page, ANAALG 
calculates the day wise access count using server logs of users 
accesses and groups the days under D1, D2, D3 and D4 based 
on the access rate. Like this, the aging factor of the server pages 
are analyzed by the ANAALG and PRD is assigned accordingly, 
where a aging factor of <D1> receives highest PRD and <D4> 
receives the lowest PRD. When the page dependency for the page 
to be prefetched is high at any given duration, analyze the PRD 
for the access duration.  If it is less than the PRD threshold then 
no need to prefetch that page.

2. Data Structure to Represent Server Nodes/Pages  
In order to handle all the above stated factors, each node should 
be associated with the record of fields as depicted if fig. 2.

Page 
Dependency
(PD)

Frequency of 
Change
(FC)

Size

Semantic 
Link 
Priority
(SLP)

Aging Factor 
(AF)
D1  D2    D3     
D4

Fig. 2: Data Structure for Server Nodes

PD = Min (1, CB / CA);   FC = CB / CCB; 
SLP = seq / sim / ce / imp / st / ins / ref; 
AF = B25PRD (D1), B50PRD (D2), B75PRD (D3), and A75PRD 
(D4) where AF can be assigned with any one of these values at 

any given instance of time.
Each factor is assigned with the threshold values as T_PD, T_FC, 
T_SLP, and T_AF for PD, FC, SLP and AF respectively.

3. Predictive Prefetching and Caching Algorithm
To predict a future request of a client, an algorithm is developed 
based on page dependency and semantic link priority.  The pages 
that have the best chance of being requested after the currently 
visited page are those that were most frequently accessed as n-next 
of it or pages whose semantic link priority is high.  The number of 
pages that are going to be predicted as candidates for prefetching 
is controlled by the parameter m, the lookahead window size. 
The prediction algorithm suggests the m first web pages (having 
high access probability or semantic link priority) of the currently 
displayed page as the most probable pages to be accessed next.  The 
lookahead window size is a parameter of the prefetching scheme.  
A large value of m results in many pages being prefetched, which 
increases the number of successful prefetching actions. However, 
more bandwidth is required.
In a simple form, prefetching is allowed for any page as suggested 
in the above discussion. This policy is defined as aggressive 
prefetching policy.  First a check is made to see whether the page 
that is a candidate for prefetching is already in the cache. If it is 
not available the page is prefetched and pre-sent to the client.
However, when available bandwidth is limited, then prefetching 
is limited only to those predicted pages that appear to have a high 
chance of being requested.  A page with high access dependency or 
semantic link priority is prefetched (Aggressive policy).  Further 
more, prefetching of pages whose content seems to change 
frequently should be avoided, since such a page could be changed 
before actually being viewed.  Aging factor is also to be considered 
in the prefetching process.  Popularity rank for the access duration 
of the page has to be analyzed. If the popularity_rank_duration 
is small, then no need to prefetch that page even if the page 
dependency is greater than the page dependency threshold.  This 
kind of policy is termed as strict prefetching policy.  In the case 
of the strict prefetching policy, the algorithm checks the following 
parameters: its size, its dependency to the current page, aging 
factor, semantic link priority, and its rate of content change, and 
bandwidth limitations. If the size of page is larger than the average 
size of all visited pages, then an unsuccessful prefetching of this 
page would affect network traffic dramatically. So prefetching is 
decided based on page dependency, aging factor, semantic link 
priority and frequency of change thresholds. 
The predicted pages need to be cached to reduce the latency.  For 
this caching GDSF [8] policy is extended in NGRAM [9] by using 
the ranking function K(p) for object p as:
K(p) = L + (W(p) + F(p)) * C(p) / S(p)  (3)                       
Where 

L is an aging factor that starts at 0 and is updated for each • 
replaced page Pr to the priority key of this  page in priority 
queue: i.e., L = K(Pr )
C(p) is the cost associated with page p to bring it to a • 
cache.
S(p) is the size of page p.• 
F(p) is a past occurrence frequency count.  If this page p is a • 
hit, then F(p) is increased by one: F(p) = F(p) + 1.  If the page 
p is a miss, it is assigned a frequency count of 1: F(p) = 1.
W(p) is a future predicted frequency based on  association • 
(n-gram) rules.

In NGRAM [9], K(p) is affected by its F(p) and W(p).  When 
replacing an object in a cache, the object with the lowest key 
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K(p) value is removed.   
In this paper, similar to NGRAM [9], GDSF [8] is extended 
with W(p). The user session sequences are generated based on 
IPAddress, timeout, immediate link analysis, backward / forward 
reference analysis as discussed in our work [4]. Dependency 
graph is generated based on these user session sequences. The 
prediction is based on page dependency using dependency graph, 
frequency of change, aging factor, semantic link priority, and 
document size to be cached as discussed in section III.B. The 
future frequency factor W(p) is based on the prediction.  So, the 
future / predicted frequency factor W(p) in the ranking function for 
object p is affected by the page dependency, frequency of change, 
aging factor, semantic link priority and the document size to be 
cached. The Proposed Predictive Prefetching Algorithm (PPA) 
incorporating set of predicted pages with future frequency factor 
W(p) is given below:
Proposed Predictive Prefetching Algorithm (PPA)
{
Purpose: Predicting a client’s next request with future frequency 
factors W (p).
Input:  Clients current request, page dependency threshold (T_PD), 
Semantic link priority threshold (T_SLP), Aging Factor Threshold 
(T_AF), Frequency of Change Threshold (T_FC), avg. size, and 
Policy.
Output: Set of predicted pages (SPP) with future frequency factor 
W(p)
AP = Current Requested Page
C (AP) = A set of child objects of AP
SPP =  Ø
While ( C (AP) ≠ Ø ) )
{
    P        Child object with highest PD ( >= T_PD)   
              or  Highest SLP (>= T_SLP) in C(AP)
    C (AP) = C (AP) – {p} 
If (p is not in cache memory)
{
    If (Policy = = Aggressive)
   {
        W (p) = PD (p) + SLP (p)  
        SPP = SPP U {p} 
    }
   If (Policy = = Strict and Size (p) > avg. size)
 {
      If ((PD (p) >= T_PD and AF (p) >= T-AF) or                                                            
                (SLP (p) >= T_SLP))
      If (FC (p) <= T_FC
      {
          W (p) = PD (p) + SLP (p) + AF (p) – FC (p
         SPP = SPP U {p}
      }
   }
  If (Policy = = Strict and Size (p) <= avg. size)
 {   
     W (p) = PD (p) + SLP (p) + AF (p) – FC (p)
     SPP = SPP U {p}
     }
   } 
 }      

IV. Performance Analysis
In this section, performances of proposed algorithms are analyzed.  
The algorithms are implemented in Java Version 1.6.0. All 

experiments are done on Dual Core Processor with 2 GB RAM, 
and 500 GB Hard Disk,  running Windows 7. Consider the web 
logs in Table 2 and user session sequences in Table 3. 
The following groups are formed based on IPAddress and 
Browsing Agent:  
User1:A.html->B.html->L.html->F.html->R.html->  O.html ->G.
html->A.html->B.html-> R.html and   
User2:  A.html-> B.html-> C.html-> J.html    
The generated user session sequences are depicted in fig. 3 and 
Table 3.

Fig. 3: Learning Graph

Each and every node in the learning graph is modified to includethe 
factors as discussed in III.B.1. The fig. 4 shows the successrate 
against the number of logs processed or accessed. Here, thesuccess 
rate increases with the number of logs accessed.

Table 2: Sample Logs
123.456.78.9 - - [25/Apr/2006:03:04:41 -0500] “GET /A.html HTTP/1.0” 200 
3290 “_” “Mozilla/4.0 (compatible; MSIE 4.01; Windows 98)”
123.456.78.9- - [25/Apr/2006:03:05:34 -0500] “GET /B.html HTTP/1.0” 200 2050 
“http://A.html” “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
123.456.78.9 - - [25/Apr/2006:03:05:39 -0500] “GET /L.html HTTP/1.0” 200 
4130 “_” “Mozilla/4.0 (compatible; MSIE 4.01; Windows 98)”
123.456.78.9 - - [25/Apr/2006:03:06:02 -0500] “GET /F.html HTTP/1.0” 200 
5096 “http://B.html” “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
123.456.78.9 - - [25/Apr/2006:03:06:58 -0500] “GET /A.html HTTP/1.0” 200 
3290 “_” “Mozilla/3.01-C-MACOS8 (Macintosh; I; PPC)”
123.456.78.9 - - [25/Apr/2006:03:07:42 -0500] “GET /B.html HTTP/1.0” 200 
2050 “http://A.html” “Mozilla/3.01-C-MACOS8 (Macintosh; I; PPC)”
123.456.78.9 - - [25/Apr/2006:03:07:55 -0500] “GET /R.html HTTP/1.0” 200 
8140 “http://L.html” “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
123.456.78.9 - - [25/Apr/2006:03:09:50 -0500] “GET /C.html HTTP/1.0” 200 
1820 “http://A.html” “Mozilla/3.01-C-MACOS8 (Macintosh; I; PPC)”
123.456.78.9 - - [25/Apr/2006:03:10:02 -0500] “GET /O.html HTTP/1.0” 200 
2270 “http://F.html” “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
123.456.78.9 - - [25/Apr/2006:03:10:45 -0500] “GET /J.html HTTP/1.0” 200 9430 
“http://C.html” “Mozilla/3.01-C-MACOS8 (Macintosh; I; PPC)”
123.456.78.9- - [25/Apr/2006:03:12:23 -0500] “GET /G.html HTTP/1.0” 200 
7220 “http://B.html” “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
123.456.78.9 - - [25/Apr/2006:05:05:22 -0500] “GET /A.html HTTP/1.0” 200 
3290 “_ “ “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
123.456.78.9- - [25/Apr/2006:05:06:03 -0500] “GET /B.html HTTP/1.0” 200 1680 
“http://A.html” “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
123.456.78.9 - - [25/Apr/2006:05:08:05 -0500] “GET /R.html HTTP/1.0” 200 
1680 “http://L.html” “Mozilla/4.0 (compatible; MSIE 4.01; Win 98)”
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Table 3: User Session Sequences

User 
List

Sessions with count
Maximal Forward 
Reference Sessions 
(MFRS)

Intermediate Sessions

User 
0

Session: 0 
A.html -> B.html -> F.html 
-> O.html

Session: 0
A.html -> B.html  (3)   
A.html -> B.html -> 
F.html 

Session: 1 
L.html -> R.html (2) -

Session: 2 
A.html -> B.html -> 
G.html 

-

User 
1

Session: 0 
A.html -> B.html -
Session: 1
A.html -> C.html -> J.html 

Session: 1
A.html -> C.html 

Fig. 4: Success Rate Vs Number of Logs Processed

The performance metrics in this experimental study are prefetching 
Hit ratio, Byte hit ratio, Waste ratio, and Network traffic increase.  
If a requested document is in the cache, the request can be satisfied 
immediately, which is called a hit; otherwise, the document has 
to be fetched from the original server (or proxy), which is termed 
a miss.
Hit Rate:  The hit rate is the ratio between the number of requests 
that hit in the proxy cache and the total number of requests.  
Byte Hit Rate: It is the ratio between the number of bytes that hit 
in the proxy cache and the total number of bytes requested.
Waste Ratio: The waste ratio refers to the percentage of undesired 
documents that are prefetched into the cache.  The waste ratio, 
metric reflects the cost for prefetching.
Consider the Performance Evaluation Algorithm:
For each request in a set of predicted pages                                                                  
              towards prediction of client’s next request
 If request != Client’s actual next request
  Prefetch miss ++
  Traffic Overhead  += request size
 Else  //  request = = Client’s actual next request
  Prefetch hit ++  
  Prefetch_benefit  += request size
A strict policy that almost never prefetches any undesired 
documents will manage to keep traffic increase low, but reduces 
the hit ratio. An aggressive policy, that prefetches a large number 
of web pages every time trying to “catch” user’s next request, will 
definitely have high hit ratio, but at the cost of high bandwidth 
cost.
The prefetching window size, m is also an important parameter.  
For every request m documents are predicted as prefetching 

candidates. The average cache size of client considered by the 
simulation is found to be 50 MB. Here average number of requests 
is taken into consideration. The results obtained by simulation 
experiments show the benefits and the costs of the proposed 
prefetching approach. Fig. 5,  plots the hit ratios due to prefetching 
with threshold of 0.25, 0.50, and 0.75 respectively. Here the 
average request is considered as 100 and m is of size 5. Fig. 6 
shows the waste ratio in the cache. The lower the threshold value, 
the more undesired objects that get cached. The cache may be 
filled with undesired objects quickly. There is a trade off between 
the hit ratio and cache utilization ratio.
Experiments are conducted with different cache sizes and the 
results are shown in fig. 7 and in fig. 8. For comparison purposes, 
simulations were run using the algorithms: GDSF [8], NGRAM 
[9], Aggressive Policy and Strict Policy of PPPA with T = 0.5 
and KBSP [10], and LRU. The first three are Greedy_Dual_based 
algorithms. KBSP [10] is based on LRU. 
In KBSP [10], semantic prefetching technique captures the client 
surfing interests from past access patterns and predict future 
preferences. Based on semantic preferences, this approach is 
capable of prefetching pages whose URLs have never been 
accessed. Here, LRU is used as a cache replacement policy. In 
NGRAM [9] method, the user sessions are generated based on 
timeout threshold and association rules are generated from these 
user sessions. The predicted frequency W(p) is based on n-gram 
rules and caching is done by the GDSF [8], policy. In both the 
NRAM [9], and KBSP [10] methods prediction is based on page 
dependency.  
In this paper, similar to NGRAM [9], GDSF is extended.  The W(p) 
in the ranking function for object p is calculated as discussed in 
PPPA. In this work, the cost value C (p), is the size of the page, 
as it is the major contributing factor for the latency in the network 
transmission.

Fig. 5: Analysis of Cache Hit Ratio (klnce.edu Server Sample 
Logs from Mar'06 to Mar'07)

Fig. 6: Analysis of Cache Waste Ratio (klnedu Server Sample 
Logs from Mar'06 to Mar'07)
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Fig. 7: Hit Rate Vs Cache Size ((kln.edu Server Logs from Mar'06 
to Mar'07)

Fig. 8: Byte Hit Rate Vs Cache Size ((klnedu Server Logs from 
Mar'06 to Mar'07)

In terms of hit rate and byte hit rate, the PPPA algorithm outperforms 
the other algorithms.  The cache waste ratio with cache size as 50 
MB and  T = 0.5 also analyzed.  The Cache waste ratio for KBSP 
[10] is 37% and for NGRAM [9] is 48%.  The cache waste ratio 
for PPPA_Aggressive and PPPA_Strict is shown in Figure 5 as 
23% and 13% respectively. This analysis shows that the prediction 
by PPPA is more accurate than the KBSP [10] and NGRAM [9]. 
To sum up, it is empirically showed that the proposed predictive 
and caching algorithm improves the system performance in terms 
of accuracy, hit rates and byte hit rates.

V. Future Extension
In future, the solution to the cache and proxy level document 
duplication problems will be considered.  The analysis with web 
mining indicates that the Content Mining, Structure Mining, and 
Usage Mining can be combined with Semantic web to provide 
more accurate prediction model. Another important area is to 
improve the utilization efficiency of database and data warehouse 
for mining process. One can improve the efficiency of available 
database and data warehouse by considering the relevance and 
interestingness issues.  Finally, the user perceived latency can 
also be reduced by improving the protocols for transmission over 
Internet.

VI. Conclusion 
The analysis indicated that the existing web technology faces so 
many problems. One among them is personalization of web pages. 
Personalization is achieved if we know the browsing pattern of 
users. In this paper the complete user session sequences of cleaned 

logs are utilized to generate learning graph. Further this graph is 
modified to handle the newly created or never visited pages and 
also the document size to be cached. The NGRAM, GDSF, KBSP, 
and LRU methods performances are compared against the PPA 
based GDSF caching policy.  In terms of hit rate and byte hit rate, 
PPA outperforms then NGRAM, GDSF, KBSP, and LRU methods 
for all of the selected cache sizes. 
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