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Abstract. Web transaction data between Web visitors and Web functionalities 
usually convey user task-oriented behavior pattern. Mining such type of click-
stream data will lead to capture usage pattern information. Nowadays Web us-
age mining technique has become one of most widely used methods for Web 
recommendation, which customizes Web content to user-preferred style. Tradi-
tional techniques of Web usage mining, such as Web user session or Web page 
clustering, association rule and frequent navigational path mining can only dis-
cover usage pattern explicitly. They, however, cannot reveal the underlying 
navigational activities and identify the latent relationships that are associated 
with the patterns among Web users as well as Web pages. In this work, we pro-
pose a Web recommendation framework incorporating Web usage mining tech-
nique based on Probabilistic Latent Semantic Analysis (PLSA) model. The 
main advantages of this method are, not only to discover usage-based access 
pattern, but also to reveal the underlying latent factor as well. With the discov-
ered user access pattern, we then present user more interested content via col-
laborative recommendation. To validate the effectiveness of proposed approach, 
we conduct experiments on real world datasets and make comparisons with 
some existing traditional techniques. The preliminary experimental results 
demonstrate the usability of the proposed approach. 

1   Introduction 

With the popularizing and spreading of Internet applications, Web has recently be-
come a powerful data repository for, not only retrieving information, but also discov-
ering knowledge. Generally, Web users may exhibit various types of behaviors asso-
ciated with their information needs and intended tasks when they are traversing the 
Web. These task-oriented behaviors are explicitly characterized by sequences of 
clicks on different Web objects (i.e. Web pages) performed by users. As a result, ex-
tracting the underlying usage pattern among the clickstream data is able to capture 
these interest-oriented tasks implicitly. For example, image a Web site designed for 
information about automobiles; there will be a variety of customer groups with vari-
ous access interests during their visiting such an E-commerce Website. One type of 
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customers intends to make comparison prior to shopping, a visitor planning to pur-
chase one particular type car of wagon, for example, would have to browse the Web 
pages of each manufacturer, compare their offering, whereas another one will just be 
more interested in one specific brand car, such as “Ford”, rather than one specific car 
category. In such scenario, these two visitors who exhibit different interests may fol-
low distinct access tracks to accomplish their goals, and thus, corresponding click-
stream data are recorded in Web sever log file accordingly. Mining Web log informa-
tion, thus, will lead to reveal user access pattern. Moreover, the discovered 
informative knowledge (or patterns) will be utilized for providing better Web applica-
tion, such as Web recommendation or personalization. Generally, Web recommenda-
tion can be viewed as a process that recommends customized Web presentation or 
predicts tailored Web content to users according to their specific tastes or preferences.  

Related Work: With the significant development in data mining domain, many ad-
vanced techniques, such as k-Nearest Neighbor (kNN) algorithm [1-3], Web cluster-
ing [4-6], association rule mining [7, 8] and sequential pattern mining [9] are widely 
utilized to address Web usage mining recently. The successful progress shows that it 
will, not only, benefit Web structure and presentation design, e.g. Adaptive Web De-
sign, but also, improve the quality of Web applications, such as practical Web person-
alization and recommendation systems [10-13]. 

To-date, there are two kinds of approaches commonly used in Web recommenda-
tion, namely content-based filtering and collaborative filtering systems [14, 15]. Con-
tent-based filtering systems such as WebWatcher [16] and client-side agent Letizia 
[11] generally generate recommendation based on the pre-constructed user profiles by 
measuring the similarity of Web content to these profiles, while collaborative filtering 
systems make recommendation by utilizing the rating of current user for objects via 
referring other users’ preference that is closely similar to current one. Today collabo-
rative filtering systems have been widely adopted in Web recommendation applica-
tions and have achieved great success as well [1-3]. In addition, Web usage mining 
has been proposed as an alternative method for Web recommendation recently [5]. 
The discovered usage pattern is utilized to determine user access interest, in turn, 
make collaborative recommendation efficiently. 

On the other hand, Latent Semantic Analysis (LSA) is an approach to capture the 
latent or hidden semantic relationships among co-occurrence activities [17]. In practi-
cal applications, Single Value Decomposition (SVD) or Primary Component Analysis 
(PCA) algorithm is employed to generate a reduced latent space, which is the best ap-
proximation of original vector space and reserves the main latent information among 
the co-occurrence activities. [17-19]. LSA has been widely used in information index-
ing and retrieval applications [18, 20], Web linkage analysis [21, 22] and Web page 
clustering [23]. Although LSA has achieved great success in some applications, it still 
has some shortcomings [24]. Probabilistic Latent Semantic Analysis (PLSA) is a 
probabilistic variant of LSA based on maximum likelihood principle. Recently, ap-
proaches based on PLSA has been successfully applied in collaborative filtering [25] 
Web usage mining [26], text learning and mining [27, 28], co-citation analysis [28, 
29] and related topics.  

Our Approach: In this paper, we propose a Web recommendation framework 
based on PLSA model. The Web recommendation process exploits the usage pat-
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tern derived from Web usage mining to predict user preferred content and custom-
ize the presentation. By employing PLSA model on usage data, which is expressed 
as a page weight matrix, we can not only characterize the underlying relationships 
among Web access observation but also identify the latent semantic factors that are 
considered to represent the navigational tasks of users during their browsing period. 
Such relationships are determined by probability inference, and then are utilized to 
discover the usage-based access pattern. Furthermore, we make use of these discov-
ered access pattern knowledge for Web recommendation by finding the most simi-
lar user access pattern to active user and predicting the preferred content based on 
the matched pattern. 

The main contributions in this work are as follows: firstly, we present a Web rec-
ommendation unified framework incorporating Web usage mining technique based on 
PLSA model.  Secondly, we investigate the discovery of user access patterns and la-
tent factors related to these patterns via employing probability inference process, in 
turn, make use of the discovered usage knowledge for Web recommendation. Particu-
larly, we develop a modified k-means clustering algorithm on the transformed session 
vectors and build up user access patterns in terms of centroids of generated session 
clusters, which reflect common navigational interests in same user category. Finally, 
we demonstrate the usability and effectiveness of the proposed model by conducting 
experiments on two real world datasets. The evaluation results show that usage-based 
approach is capable of predicting user preferred content more accurately and effi-
ciently in comparison with some traditional techniques. 

The rest of the paper is organized as follows. In section 2, we introduce the PLSA 
model. We present the algorithms for discovering latent factors, Web page categories 
in section 3. In section 4, we concentrate on how to construct usage-based user access 
pattern and Web recommendation model upon the discovered usage knowledge as 
well. To validate the proposed approach, we demonstrate experiment and comparison 
results conducted on two real world datasets in section 5, and conclude the paper in 
section 6. 

2   Probabilistic Latent Semantic Analysis (PLSA) Model 

2.1   Data Sessionization Process 

Prior to introduce the principle of PLSA model, we discuss briefly the issue with re-
spect to sessionization process of usage data. In general, the user access interests ex-
hibited may be reflected by the varying degrees of visits in different Web pages dur-
ing one session. Thus, we can represent a user session as a weighted page vector 
visited by user during a period. After data preprocessing, we can built up a page set of 
size n as 

1 2{ , , }nP p p p= L  and user session set of size m as 
1 2{ , , , }mS s s s= L . The 

whole procedures are called page identification and user sessionization respectively. 
By simplifying user session in the form of page vector, each session can be consid-
ered as an n-dimensional page vector 

1 2{ , , }i i i ins a a a= L , where ija  denotes the 

weight for page jp  in is  session. 
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Fig. 1. A usage snapshot and its normalized session-page matrix expression 

As a result, the user session data can be formed as Web usage data represented by a 
session-page matrix { }ijSP a= . The entry in the session-page matrix, ija , is the 

weight associated with the page jp in the user session is , which is usually deter-

mined by the number of hit or the amount time spent on the specific page. Generally, 

the weight ija  associated with page 
jp  in the session is  should be normalized across 

pages in same user session in order to eliminate the influence caused by the amount 
difference of visiting time durations or hit numbers. For example,  Figure 1 depicts an 
usage data snapshot and its corresponding session-page matrix in the form of normal-
ized weight matrix from [30, 31]. The element in the matrix is determined by the ratio 
of the visiting time on corresponding page to total visiting time, 
e.g.

11 15 (15 43 52 31 44)*100 9.7a = + + + + = … and so on. 

2.2   PLSA Model 

The PLSA model is based on a statistic model called aspect model, which can be util-
ized to identify the hidden semantic relationships among general co-occurrence activi-
ties. Similarly, we can conceptually view the user sessions over Web page space as 
co-occurrence activities in the context of Web usage mining to discover the latent us-
age pattern. For the given aspect model, suppose that there is a latent factor space 

1 2{ , , }kZ z z z= L and each co-occurrence observation data ( , )i js p  is associated with 

the factor 
kz Z∈ by varying degree to kz .  

According to the viewpoint of aspect model, thus, it can be inferred that there are 
existing different relationships among Web users or pages related to different factors, 
and the factors can be considered to represent the user access patterns. In this manner, 
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each observation data ( , )i js p  can convey the user navigational interests over the k-

dimensional latent factor space. The degrees to which such relationships are “ex-
plained” by each factor derived from the factor-conditional probabilities. Our goal is 
to discover the underlying factors and characterize associated factor-conditional prob-
abilities accordingly. 

By combining probability definition and Bayesian rule, we can model the probabil-

ity of an observation data ( , )i js p  by adopting the latent factor variable kz  as: 

( , ) ( ) ( | ) ( | )
k

i j k i k j k
z Z

P s p P z P s z P P z
∈

= • •∑  
(1) 

Furthermore, the total likelihood of the observation is determined as 

∑
∈∈

•=
PpSs

jijii

ji

psPpsmL
,

),(log),(  
(2) 

where ( , )i jm s p  is the element of the session-page matrix corresponding to session 

is and page jp . 

In order to estimate the desired probabilities, we utilize Expectation Maximization 
(EM) algorithm to perform maximum likelihood estimation in latent variable model 
[32]. Generally, two steps are needed to implement in this algorithm alternately: (1) 
Expectation (E) step where posterior probabilities are calculated for the latent factors 
based on the current estimates of conditional probability; and (2) Maximization (M) 
step, where the estimated conditional probabilities are updated and used to maximize 
the likelihood based on the posterior probabilities computed in the previous E-step. It-
erating of E-step and M-step will result in the monotonically increasing of total likeli-
hood Li until a local optimal limit is reaching, which means the estimated results can 
represent the final probabilities of observation data. More details regarding EM algo-
rithm is referred in [33] 

It is easily found that the computational complexity of this algorithm is ( )O mnk , 

where m is the number of user session, n is the number of page, and k is the number of 
factors. 

3   Discovery of Latent Factors, Usage-Based Web Page Categories 

Those probabilities generated in section 2 quantitatively measure the underlying rela-
tionships among Web users, pages as well as latent factors. We, thus, utilize the class-
conditional probability estimates and clustering algorithm to identify user access in-
terests, partition Web pages and user sessions into various usage-based categories. 

3.1   Characterizing Latent Factor 

First, we discuss how to capture the latent factor associated with user navigational be-
havior by characterizing the “dominant” pages. Note that ( | )j kP p z represents the 

conditional occurrence probability over the page space corresponding to a specific 
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factor, whereas ( | )k jP z p  represents the conditional probability distribution over the 

factor space corresponding to a specific page. In such case, we may consider that the 
pages whose conditional probabilities ( | )k jP z p  and ( | )j kP p z  are both greater than a 

predefined threshold µ can be viewed to contribute to one particular functionality re-
lated to the latent factor. By exploring and interpreting the content of these pages sat-
isfying aforementioned condition, we may characterize the semantic meaning of each 
factor. The algorithm to characterize the task-oriented semantic latent factor is de-
scribed as follows: 

Algorithm 1. Characterizing Latent Factor 
Input: ( | )k jP z p  and ( | )j kP p z , predefined threshold µ 

Output: A set of characteristic page base sets 1 2 ( , , , )kLF LF LF LF= L  

1. 
1 2  kLF LF LF= = = = ΦL  

2. For each kz , choose all pages 
jp P∈  

If ( | ) j kP p z µ≥ and ( | ) k jP z p µ≥  then 

   
k k jLF LF p= ∪  

Else go back to step 2  
3. If there are still pages to be classified, go back to step 2 
4. Output: { }kLF LF=  

3.2   Identifying Web Page Categories 

Note that the set of ( | )k jP z p  is conceptually representing the probability distribution 

over the latent factor space for a specific Web page 
jp , we, thus, construct the page-

factor matrix based on the calculated probability estimates, to reflect the relationship 
between Web pages and latent factors, which is expressed as follows: 

,1 ,2 ,( , ,..., )j j j j kpr c c c=  (3) 

Where ,j sc  is the occurrence probability of page 
jp  on factor sz . In this manner, 

the distance between two page vectors may reflect the functionality similarity exhib-
ited by them. We, therefore, define their similarity by applying well-known cosine 
similarity as: 

( ) 2 2
( , ) , ( )i j i j i jsim p p pr pr pr pr= •  (4) 

where ( ) , ,
1

,
k

i j i m j m
m

pr pr c c
=

=∑ , 2
,2

1

k

i i l
l

pr C
=

= ∑  

With the page similarity measurement (4), we propose a modified k-means cluster-
ing algorithm to partition Web pages into corresponding categories. The detail of the 
clustering algorithm is described in [34]. The discovered Web page categories reflect, 
either user “sole” access interest or cross-interest navigational intention. 
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4   Clustering User Session and Making Web Recommendation 

Similarly, we employ clustering algorithm on the probabilistic variable set of 

( | )k iP z s , which represents the probability of a latent class factor kz  exhibited by a 

given user session is  to capture user access pattern. The clustering user session via 

modified k-means clustering algorithm is described as follows: 

Algorithm 2. Clustering User Session 
Input: the set of ( | )k iP z s , predefined threshold µ 

Output: A set of user session clusters 
1 2 { , , ,  }PSCL SCL SCL SCL= L  and corre-

sponding centroids 
1 2{ , , , }pCid Cid Cid Cid= L  

1. Select the first session 1s  as the initial cluster 
1SCL  and the centroid of this clus-

ter: 
1 1{ }SCL s=  and 

1 1Cid s= . 

2. For each session is , measure the similarity between is  and the centroid of each 

existing cluster ( , )i jsim s Cid  

3. If ( ), max( ( , ))i t i j
j

sim s Cid sim s Cid µ= > , then insert is  into the cluster 
tSCL  

and update the centroid of 
tSCL  as 

1/
t

t t j
j SCL

Cid SCL sr
∈

= • ∑  
(5) 

where isr  is the transformed user session over factor space, 
tSCL  is the num-

ber of sessions in the cluster; 

Otherwise, is  will create a new cluster and is the centroid of the new cluster. 

4. If there are still sessions to be classified into one of existing clusters or a session 
that itself is a cluster, go back to step 2 iteratively until it converges (i.e. all clus-
ters’ centroid are no longer changed) 

5. Output { }, { }p pSCL SCL Cid Cid= =   

As we mentioned above, each user session is represented as a weighted page vec-
tor. In this manner, it is reasonable to derive the centroid of cluster obtained by 
aforementioned algorithm as the user access pattern (i.e. user profile).  

Generally, Web recommendation process is usually carried out in two ways. On the 
one hand, we can take the current active user’s historic behavior or pattern into consid-
eration, and predict the preferable information to the specific user. On the other hand, 
by finding the most similar access pattern to the current active user from the learned 
models of other users, we can recommend the tailored Web content. The former one is 
sometime called memory-based approach, whereas the latter one is called model-based 
approach respectively. In this work, we adopt the model-based technique in our Web 
recommendation framework. We consider the usage-based access patterns generated in 
section 3 as the aggregated representations of common navigational behaviors, and 
utilize them as a basis for recommending potentially visited Web pages to current user. 
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Similar to the method proposed in [5], we utilize the commonly used cosine func-
tion to measure the similarity between the current active user session and discovered 
usage pattern. We, then, choose the best suitable pattern, which shares the highest simi-
larity with the current session, as the matched pattern for current user. Finally, we gen-
erate the top-N recommendation pages based on the historically visited probabilities of 
pages visited by other users in the selected profile. The procedure is  as follows: 

Algorithm 3.  Web Recommendation 
Input: An active user session and a set of user profiles 
Output: The top-N recommendation pages 
1. The active session and the patterns are to be treated as n-dimensional vectors 

over the page space within a site, i.e.
1 2[ , , , ]p p p

p p ns Cid w w w= = L , where p
iw  is 

the significance contributed by page 
ip  in this pattern, and 

1 2[ , , ]a a a
a ns w w w= L , 

where 1a
iw = , if page ip  is already accessed, and otherwise 0a

iw = . 

2. Measure the similarities between the active session and all derived usage pat-
terns, and choose the maximum one out of the calculated similarities as the most 
matched pattern: 

2 2
( , ) ( )a p a p a psim s s s s s s= � ( , ) max( ( , ))

p

mat j
a p a

j
sim s s sim s s=  (6) 

3. Incorporate the selected pattern 
p

mats  with the active session as , then calculate 

the recommendation score ( )irs p  for each page ip : 

( ) ( , )mat mat
i i a prs p w sim s s= ×  (7) 

Thus, each page in the profile will be assigned a recommendation score be-
tween 0 and 1. Note that the recommendation score will be 0 if the page is al-
ready visited in the current session. 

4. Sort the calculated recommendation scores in step 3 in a descending order, i.e. 

1 2( , , , )mat mat mat
nrs w w w= L , and select the N pages with the highest recom-

mendation score to construct the top-N recommendation set:  

1( ) { | ( ) ( ), 1,2, 1}mat mat mat
j j jREC S p rs p rs p j N+= > = −L  (8) 

5   Experiments and Evaluations 

In order to evaluate the effectiveness of the proposed method based on PLSA model 
and efficiency of Web recommendation, we have conducted preliminary experiments 
on two real world data sets. 

5.1   Data Sets 

The first data set we used is downloaded from KDDCUP website. After data prepara-
tion, we have setup an evaluation data set including 9308 user sessions and 69 pages, 
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where every session consists of 11.88 pages in average. We refer this data set to 
“KDDCUP data”. In this data set, the numbers of Web page hits by the given user de-
termines the elements in session-page matrix associated with the specific page in the 
given session. 

The second data set is from a academic Website log files [35]. The data is based on 
a 2-week Web log file during April of 2002. After data preprocessing stage, the fil-
tered data contains 13745 sessions and 683 pages. The entries in the table correspond 
to the amount of time (in seconds) spent on pages during a given session. For conven-
ience, we refer this data as “CTI data”. 

5.2   Latent Factors Based on PLSA Model 

We conduct the experiments on the two data sets to characterize the latent factors and 
group usage-based Web pages. Firstly, we present the experimental results of the  
derived latent factors from two real data sets based on PLSA model respectively.  
Table 1 illustrates the results extracted from the KDDCUP data set, whereas Table 2 
presents the results of CTI data set. From these tables, it is shown that the descriptive 
labels of latent factors are characterized by some “prominent” pages whose probabil-
istic weights are exceeding one predefined threshold. This work is done by interpret-
ing the contents of corresponding pages since these “dominant” pages contribute 
greatly to the latent factors. With the derived characteristic factor, we may semanti-
cally discover usage-based access pattern. 

Table 1. Labels of factors from KDDCUP 

Factor Label Dominant Page  

1 Department search 6, 7 

2 Product information of Legwear 4 

3 Vendor service info 10,36,37,39 

4 Freegift, especially legcare 1,9,33 

5 Product information of Legcare 5 

6 Online shopping process 27,29,32,42,44,45,60 

7 Assortment of various lifestyle 3,26 

8 Vendor2’s Assortment 11,34 

9 Boutique 2 

10 Replenishment info of Department 6,25,26,30 

11 Article regarding Department 12,13,22,23 

12 Home page 8,35 

5.3   Examples of Web Page Categories 

At this stage, we utilize aforementioned clustering algorithm to partition Web pages 
into various clusters. By analyzing the discovered clusters, we may conclude that 
many of groups do really reflect the single user access task; whereas others may cover 
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two or more tasks, which may be relevant in nature. As indicated above, the former 
can be considered to correspond to the primary latent factor, and the latter may reveal 
the “overlapping” of functionality in content. 

In Table 3, we list two Web page categories out of total generated categories from 
KDDCUP data set, which is expressed by top ranked page information such as page 
numbers and their relative URLs as well. It is seen that each of these two page groups 
reflects sole usage task, which is consistent with the corresponding factor depicted in 
Table 1. Table 4 illustrates two Web page groups from CTI dataset accordingly. In 
this table, the upper row lists the top ranked pages and their corresponding contents 
from one of the generated page clusters, which reflect the task regarding searching 
postgraduate program information, and it is easily to conclude that these pages are all 
contributed to factor #13 displayed in Table 2. On the other hand, the listed significa-
tive pages in lower row in the table involve in the “overlapping” of two dominant 
tasks, which are corresponding to factor #3 and #15 depicted in Table 2. 

Note that with these generated Web page categories, we may make use of these in-
trinsic relationships among Web pages to reinforce the improvement of Web organi-
zation or functionality design, e.g. Adaptive Web Site Design. 

Table 2. Lables of factors from CTI 

Factor Label Factor Label  

1 specific syllabi 11 international_study 

2 grad_app_process 12 Faculty-search 

3 grad_assist_app 13 postgrad_program 

4 admission 14 UG_scholarship 

5 advising 15 tutoring_gradassist 

6 program_bacholer 16 Mycti_stud_profile 

7 syllabi list 17 schedule 

8 course info 18 CS_PhD_research 

9 jobs  19 specific news 

10 calendar  20 Home page 

Table 3. Examples of Web page categories from KDDCUP dataset 

Page Content Page Content 
10 
28 
37 

main/vendor 
articles/dpt_privacy 
articles/dpt_contact 

38 
39 
40 

articles/dpt_payment 
articles/dpt_shipping 
articles/dpt_returns 

27 
32 
42 
44 
45 
47 

main/login2 
main/registration 
account/your_account 
checkout/expresCheckout 
checkout/confirm_order 
Account/address 

50 
52 
60 
64 
65 
66 

account/past_orders 
account/credit_info 
checkout/thankyou 
account/create_credit 
main/welcome 
account/edit_credit 



 A Web Recommendation Technique Based on PLSA 25 

Table 4. Examples of Web page categories from CTI dataset 

Page Content Page Content 

386 
575 
586 
587 

/News 
/Programs 
/Prog/2002/Gradcs2002 
/Prog/2002/Gradds2002 

588 
590 
591 
592 

/Prog/2002/Gradect2002 
/Prog/2002/Gradis2002 
/Prog/2002/Gradmis2002 
/Prog/2002/Gradse2002 

65 
70 

352 
353 
355 

/course/internship 
/course/studyabroad 
/cti/…/applicant_login 
/cti/…/assistantship_form 
/cti/…/assistsubmit 

406 
666 
678 
679 

/pdf/forms/assistantship 
/program/master 
/resource/default 
/resource/tutoring 

5.4   Evaluation Metric of Web Recommendation 

From the view of the user, the efficiency of Web recommendation is evaluated by the 
precision of recommendation. Here, we exploit a metric called hit precision [5] to 
measure the effectiveness in the context of top-N recommendation. Given a user ses-
sion in the test set, we extract the first j pages as an active session to generate a top-N 
recommendation set via the procedure described in section 4. Since the recommenda-
tion set is in descending order, we then obtain the rank of 1j +  page in the sorted 

recommendation list. Furthermore, for each rank 0r > , we sum the number of test 

data that exactly rank the rth as ( )Nb r . Let
1

( ) ( )
r

i
S r Nb i

=
=∑ , and ( ) /hitp S N T= , 

where T  represents the number of testing data in the whole test set. Thus, 

hitp stands for the hit precision of Web recommendation process. 

 

Fig. 2. Web recommendation evaluation upon hitp comparison for CTI dataset 
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In order to compare our approach with other existing methods, we implement a 
baseline method that is based on the clustering technique [5]. This method is to gener-
ate usage-based session clusters by performing k-means clustering process on usage 
data explicitly. Then the cluster centroids are derived as the aggregated access patterns. 

Figure 2 depicts the comparison results of hitp coefficient using the two methods 
discussed above respectively performed on CTI dataset. The results demonstrate that 
the proposed PLSA-based technique consistently overweighs standard clustering-
based algorithm in terms of hit precision parameter. In this scenario, it can be con-
cluded that our approach is capable of making Web recommendation more accurately 
and effectively against conventional method. In addition to recommendation, this ap-
proach is able to identify the hidden factors why such user sessions or Web pages are 
grouped together in same category. 

6   Conclusion and Future Work 

Web usage mining is an emerging technique that can be utilized to, not only reveal 
Web user access interest, but also improve Web recommendation. This will provide 
benefits for improvement of Web applications, such as increasing the click-rate of 
Web site and providing more customized or preferred presentation to users.  

In this paper, we have developed a Web recommendation technique by exploiting 
the pattern knowledge from Web usage mining process based on PLSA. With the 
proposed probabilistic method, we modeled the co-occurrence activities (i.e. user ses-
sion) in terms of probability estimations to capture the underlying relationships 
among users and pages. Analysis of the estimated probabilities could result in build-
ing up usage-based Web page categories, discovering usage pattern, and identifying 
the hidden factors associated with corresponding interests. The discovered usage pat-
tern has been utilized to improve the accuracy of Web recommendation. We demon-
strated the effectiveness and efficiency of our technique through experiments per-
formed on the real world datasets and comparison with previous work. 

Our future work will focus on the following issues: we intend to conduct more ex-
periments to validate the scalability of our approach. Meanwhile we plan to develop 
other methods by combining various types of Web data, such as content information 
into recommendation process to improve the accuracy. 
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