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Abstract. Web transaction data between web visitors and web functionalities 
usually convey users’ task-oriented behavior patterns. Clustering web transac-
tions, thus, may capture such informative knowledge, in turn, build user pro-
files, which are associated with different navigational patterns. For some ad-
vanced web applications, such as web recommendation or personalization, the 
aforementioned work is crucial to make web users get their preferred informa-
tion accurately. On the other hand, the conventional web usage mining tech-
niques for clustering web objects often perform clustering on usage data di-
rectly rather than take the underlying semantic relationships among the web 
objects into account. Latent Semantic Analysis (LSA) model is a commonly 
used approach for capturing semantic associations among co-occurrence obser-
vations.. In this paper, we propose a LSA-based approach for such purpose. We 
demonstrated usability and scalability of the proposed approach through per-
forming experiments on two real world datasets. The experimental results have 
validated the method’s effectiveness in comparison with some previous studies. 

1 Introduction 

With the popularizing and spreading of Internet application, Web has recently become 
a powerful platform for, not only retrieving information, but also discovering knowl-
edge, from web data repository.  Generally, web users may exhibit various types of 
behaviors associated with their information needs and intended tasks when they are 
traversing the Web. These task-oriented behaviors are explicitly characterized by se-
quences of clicks on different web items performed by users. As a result, these tasks 
are implicitly captured by inducing the underlying relationships among the click-
stream data. For example, image a web site designed for information about automo-
biles; there will be a variety of customer groups with various access interests during 
their visiting such an E-commerce website. One type of customers intends to make 
comparison prior to shopping,; a visitor planning to purchase 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 spe-
cific brand car, such as “Ford”, rather than one specific car category. In such circum-
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stance, these two visitors with different interests may follow distinct access tracks to 
accomplish their goals and corresponding clickstream data are recorded in web sever 
log file as well. As a result, mining web log information may reveal user access pat-
terns. Moreover, the discovered informative knowledge (or pattern) will be utilized 
for providing better web applications or web services, such as web recommendation 
or personalization. 

Generally, web mining techniques can be defined as those methods to extract so-
called “nuggets” (or knowledge) from web data repository, such as content, linkage, 
usage information, by utilizing data mining tools. Among such web data, user click-
stream, i.e. usage data, can be mainly utilized to capture users’ navigational patterns 
and identify user intended tasks. Once the user navigational behaviors are effectively 
characterized, they will provide benefits for further web applications, in turn, facili-
tate and improve web service quality for both web-based organizations and for end 
users. As a result, web usage mining recently has become one more active and hotter 
topic, and a variety of research communities from database management, artificial in-
telligence and information systems etc., have addressed this topic and achieved great 
success as well [1-7]. Meanwhile, with the benefits of great progress in data mining 
research, many data mining techniques, such as clustering[3, 8, 9] association rule 
mining [10, 11] and sequential pattern mining [12] are adopted widely to improve the 
usability and scalability of web mining.  

Related work: In general, there are two types of clustering methods performed on 
the usage data: user transaction clustering and web page clustering [13]. One success-
ful application of web page clustering is adaptive web site. For example, the algo-
rithm called PageGather [3, 14] is proposed to synthesize index pages that are not ex-
isting initially, based on partitioning web pages into various groups. The generated 
index page is conceptually representing the various access interests of users according 
to their navigational history. Another example is that clustering user rating results has 
been successfully adopted in collaborative filtering application as a data preparing 
step to improve the scalability of recommendation using K-Nearest-Neighbor (KNN) 
algorithm [15]. Mobasher et al. [9] utilize user transaction and pageview clustering 
techniques, which is employing traditional k-means clustering algorithm to character-
ize user access pattern for web personalization based on mining web usage data. 
These proposed clustering-based techniques have been proven to be efficient from 
their experimental results since they are really capable of identifying the intrinsic 
common attributes revealed from their recently historic clickstream data. Generally, 
these usage patterns are explicitly captured at the level of user transaction or page-
view. They, however, do not reveal the underlying characteristics of user navigational 
activities as well as web pageview. For example, such discovered usage patterns pro-
vide little information of why such web transactions or web pages are partitioning to-
gether, and latent relationships among the co-occurrence observation data have not 
been incorporate into the mining process as well. Thus, it is needed to develop LSA-
based approaches that can reveal not only common trends explicitly, but also take the 
latent information into account implicitly during mining. In [16], an algorithm based 
on Principal Factor Analysis (PFA) model derived from statistical analysis, is pro-
posed to generate user access pattern and uncover latent factor by clustering user 
transactions and  analyzing principal factor involved in web usage mining. Analo-
gous, some works [17-19] are addressed to derive user access patterns and web page 
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segments from various types of web data, by utilizing a so-called Probabilistic Se-
mantic Latent Analysis (PLSA) model, which is based on maximum likelihood prin-
ciple from statistics.  

Our approach: In this paper, we address these issues by proposing another alter-
native LSA-based approach for clustering web transaction and generating user profile. 
After data preprocessing, we produce a user transaction collection and a pageview 
corpus via user and pageview identification process respectively, in turn, construct the 
session-pageview matrix as usage data, in which each cell is expressed by a weight re 
presenting the contribution made by a specific pageview during one user transaction. 
In this manner, we could map the relationships among the co-occurrence observations 
(i.e. user transactions) into a high-dimensional space. Moreover, an improved LSA-
based clustering algorithm, named latent usage information (LUI), is proposed to find 
out user segments with similar behaviors effectively and precisely from aforemen-
tioned usage data by using linear algebra theory, especially single value decomposi-
tion of matrix due to revealing deeper relationships among web transactions. The dis-
covered user clusters are exploited to generate a variety of goal-oriented user profiles 
by calculating the centroid of corresponding cluster in the form of weighted pageview 
set. Experiments are conducted on two real world datasets to validate the usability and 
scalability of usage mining. Meanwhile, an evaluation metric is adopted to assess the 
quality of discovered clusters, and comparisons are made with some previous work as 
well. The experimental results have shown that the proposed approach is capable of 
effectively discovering user access pattern and revealing the underlying relationships 
among user visiting records. 

The remainder of paper is organized as follows: in section 2, we briefly discuss 
how to construct session-pageview matrix during data preparation. Section 3 gives the 
latent usage information (LUI) algorithm. Since the LUI algorithm is based on linear 
algebra theory, especially the Single Value Decomposition (SVD) of a matrix, some 
basic background knowledge of SVD is provided in this section as well. In section 4, 
some experimental results derived on real world datasets are presented and compari-
sons with previous study are discussed as well. Finally, we conclude and give future 
works in section 5. 

2 Latent Usage Information (LUI) Model 

We start with collecting the raw web sever logs of the site and perform data clean-
ing, pageview identification, and user identification such data preparation measures to 
construct the co-occurrence observation. More detailed introduction of data prepara-
tion steps could be found in [20]. At this stage, we briefly introduce how to  build up 
the session-pageview matrix for web usage mining 

2.1 Usage Data Identification 

Basically, according to W3C definition, a web pageview can be viewed as a visual 
rendering of a web page. In this way, the user access interest exhibited may be re-
flected by the varying degree of visits in different web pages during one session. 
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Thus, we can represent a user session as a collection of transactions, which includes a 
series of weighted pageviews, during the visiting period. In other words, the user ses-
sion can be expressed in the form of pageview vectors. From such viewing point, we 
generate the following user session expression. Given n web pages in a web site and 
m web users visiting the web site during a period of time, after appropriate data pre-
processing such as page identification and user sessionization, we built up the page-
view corpus as P = {p1,p2,…,pn}, and user session collection as S = {s1,s2,…,sm}. Con-
ceptually, modeling of user session in a collection of pages defined by the so-called 
web page corpus, which consists of all web items visited by whole users, is similar to 
modeling a document in terms of word frequencies by using a word dictionary in text 
IR. In short, each user session can be, in turn, expressed as a set of weight-pageview 
pairs, si={<p1,ai1>,<p2,ai2>,…<pn,ain>}. By simplifying the above expression in the 
form of pageview vector, each user session can be considered as an n-dimensional 
vector si={ai1,ai2,…,ain}, where aij denotes the weight for pageview pj in si user ses-
sion. As a result, the whole user session data can be utilized to form web usage data 
represented by a session-pageview matrix SPm×n={aij} (Figure 1 illustrates the skeletal 
structure of session-page matrix).  
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Fig. 1. Skeletal structure of session-pageview matrix 
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Fig. 2. Sample of web access log 

e in the session-page matrix, aij, can be represented by a weight asso-
contribution of page pj in the user session si, which is usually deter-
umber of hit or the amount time spent by specific user on the corre-
Generally, in order to eliminate the influence caused by the relative 
ce of visiting time duration or hit number, the normalization manipu-
geviews space in same user session is performed. Figure 2 illustrates 
ved from a web access log, in which each field is separated by space. 
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Particularly, note that the first and fourth fields are identified as the visitor IP address 
and the requested URL respectively, and utilized to assist usage data collection.  

2.2 Latent Usage Information Algorithm 

Once usage matrix is constructed, we may applying conventional clustering on user 
transaction data to classify user sessions into various groups, within which the classi-
fied sessions share both common access interest exhibited from their visiting records. 
It is intuitive to perform clustering algorithm directly on each row vector of usage ma-
trix to determine the relative “close” session cluster by using similarity-based meas-
ure, such as commonly adopted cosine similarity from Information Retrieval. In [9], 
an algorithm named PACT is proposed based on the above discussed technique. 
However, this kind of clustering technique only capture the mutual relationships be-
tween session data explicitly, it is incapable of revealing the “deeper” underlying 
characteristics of usage pattern. In this work, we propose the latent usage information 
(LUI) algorithm to group user sessions semantically through taking latent information 
into account. For better understanding the LUI algorithm, we first discuss some theo-
retical background of the SVD algorithm. 

• Single Value Decomposition Algorithm 
The SVD definition of a matrix is illustrated as follows[21]: For a real matrix 

A=[aij]m×n, without loss of generality, suppose m≥n and there exists  SVD of A: 
∑ ×××= nnnmmm VUA  

 where U and V are orthogonal matrices. Matrices U and V can be respectively de-
noted as Um×m=[u1,u2,…,um]m×m and Vn×n=[v1,v2,…,vn]n×n, where ui (i=1,…,m) is a m-
dimensional vector ui=(u1i,u2i,…,umi)T and vj (j=1,…,n) is a n-dimensional matrix 
vj=(v1j,v2j,…,vnj)T. Suppose rank(A)=r and single values of A are diagonal elements of 
∑ as follows:  

0121 ===≥≥≥ + nrr σσσσσ "" . 
For a given threshold ε (0<ε≤ 1), we choose a parameter k such that (σk-σk+1)/σk≥ ε. 

Then, we denote Uk=[u1,u2,…,uk]m×k, Vk=[v1,v2,…,vk]n×k, ∑k=diag(σ1,σ2,…σk), and 
Ak=Uk∑kVk 

As known from the theorem in algebra [21], Ak is the best approximation matrix to 
A and conveys main and latent information among the usage data. This property 
makes it possible to find out relative “close” user session at the semantic latent level 
based on their mutual similarity.  

• Representation of User Transaction in Latent Space 
Once SVD implementation is completed, we may rewrite user sessions with the ob-
tained approximation matrix Uk, ∑k and Vk and map them into another k-dimensional 
latent space. For a given session, it is represented as a coordinate vector with respect 
to pageviews: si = {ai1,ai2,…,ain}. The projection of coordinate vector si in the k-
dimensional latent subspace is reparameterize as 
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• Similarity Measure 
We adopt traditional Cosine similarity to capture common interests shared by user 

sessions, i.e. for two vectors x=(x1,x2,…,xk) and y=(y1,y2,…,yk) in k-dimensional space, 
the similarity between them is defined as 
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In this manner, the similarity between two user sessions is defined as: 
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3 Constructing User Profile based on Latent Usage Information 

In this section, we present the algorithms for clustering web transaction and generat-
ing user profile based on the discovered clusters as well. 

3.1 Clustering Web Transaction 

Here we adopt a modified standard K-means clustering algorithm, named MK-
means clustering, to classify user session based on the transformed SP matrix over the 
latent k-dimensional space. This algorithm does not need to predefine value k and k 
initial centroids, whereas the standard k-means has to do so to start clustering. The al-
gorithm is described as follows: 

Algorithm: MK-means clustering 
Input: usage data SP’ and similarity threshold ε 
1. Choose the first user session s1’ as the initial cluster C1 and centroid of this 

cluster, i.e. C1={s1’} and Cid1=s1’. 
2. For each session si’, calculate the similarity between si’ and the centroids of 

other existing cluster sim(si’,Cidj). 
3. if ' '( , ) max( ( , ))i k i jj

sim s Cid sim s Cid ε= >  , then allocate si’ into Ck and re-

calculate the centroid of cluster Ck as '1
k

k k
j C

Cid C s
∈

= j∑ ;  

4. Otherwise, let si’ itself construct a new cluster and be the centroid of this 
cluster. 

5. Repeat step 2 to 4 until all user sessions are processed and all centroids do 
not update any more.  
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Output: cluster set CS={Ck} 

3.2 Building User Profile 

As we mentioned above, each user session is represented as a weight-based page-
view vector. In this may, it is reasonable to derive the centroid of cluster obtained by 
aforementioned algorithm as the user profile. In this work, we compute the mean vec-
tor to represent the centroid. For each session cluster Ck∈  CS, the value for each 
pageview in the mean vector is determined by the ratio of the sum of pageview 
weights in Ck to the number of sessions in the cluster. In order to eliminate the diver-
sity in visiting quantity of each session, the weights are normalized in calculating the 
centroid of cluster. Thus, the maximum weight in user profile is updated to be 1, 
whereas other weights are divided by the maximum weight across session. Mean-
while, some low-contribution pageviews (i.e. those with mean weights below one cer-
tain limit) are filtered out. The algorithm for constructing user profile is as follows: 

1. For each pageview in cluster, we compute the mean value of pageview as 

∑
∈

=
kCs

k spwCpfpwt ),(1),(  (3) 

where w(p,s) is the weight of pageview p in session s∈Ck. 
2. For each cluster,  furthermore, we construct its mean vector(i.e. centroid) as 

}),(,{ Pppfpwtpmv C ∈><=  (4) 

3. For each pageview weight within user profile, if the value < threshold µ, the 
corresponding item will be removed from the vector with it weight, otherwise 
keep it leave. 

4.  Sort the pageviews with their weights in descending order and output the 
mean vector as user profile. 

)},(,...,),(,,),(,{ 2211 pfpwtppfpwtppfpwtppf tktkkkkkck
<><><=  (5) 

 where 

1 2( , ) ( , ) ( , )k k tkwt p pf wt p pf wt p pf µ> > > >" , { }, 1,2 ,
kcPF pf k t= = " . 

4 Experiment and Evaluation 

In order to evaluate the effectiveness of the proposed LUI-based clustering algo-
rithm and user profile generating algorithm, and explore the discovered user access 
pattern, we conducted preliminary experiments on two real world data sets. Some 
comparisons with previous work are made as well. 
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4.1 Data sets 

The first dataset used is downloaded from KDDCUP (www.ecn.purdue.edu/ 
kddcup/). The data set is common-used data resource provided to test and compare 
methods (prediction algorithm, clustering approaches, etc.) for data mining purpose. 
Data preprocessing is needed to perform on the raw data set since there are some short 
user sessions existing in the data set, which mean they are of less contribution for data 
mining. Support filtering technique is used to eliminate these user sessions, leaving 
only sessions with at least four pages. After data preparation, we have setup an data 
set including 9308 user sessions and 69 pages, where every session consists of 11.88 
pages in average. We refer this data set to “KDDCUP data”. In this data set, the en-
tries in session-page matrix associated with the specific page in the given session are 
determined by the numbers of web page hits by the given user. 

The second data set is from a university website log files and was made available 
by the author of [13]. The data is based on a random collection of users visiting this 
site for a 2-week period during April of 2002. After data preprocessing, the filtered 
data contains 13745 sessions and 683 pages. This data file is expressed as a session-
page matrix where each column is a page and each row is a session represented as a 
vector. The entries in the table correspond to the amount of time (in seconds) spent on 
pages during a given session. For convenience, we refer this data as “CTI data”. For 
each dataset, we randomly choose 1000 transaction as the evaluation set, whereas the 
remainder part is selected as the training set for constructing user profiles. 

4.2 Results of generated user profiles 

We utilize aforementioned LUI method to classify user transactions. For compari-
son purpose, we also perform PACT approach based on standard K-means used in [9] 
to generate user profiles. From the results, it is found that generated profiles are 
“overlapping” of pageviews since some pageviews are listed in more than one user 
clusters. Table 1 depicts 2 user profiles generated from KDD dataset using LUI ap-
proach. Each user profile is listed in a ordered pageviews’ sequence with weights, 
which means the greater weight of a pageview contribute, the more likely it is to be 
visited. The first profile in Table 1 represents the activities involved in online-
shopping circumstance such as login, shopping_cart, checkout etc., especially occur-
ring in purchasing leg-wear products, whereas second user profile reflects customers’ 
concern focused on the interests with regard to the department store itself.  

Analogously, some informative finding can be obtained in Table 2, which is de-
rived from CTI dataset. In this table, three profiles are generated: the first one reflects 
the main topic of international student concerning issues regarding applying for ad-
mission, and second one involves in the online applying process for graduation, 
whereas the final one indicates the most common activities happened during students 
browsing the university website, especially while they are determining course selec-
tion, i.e. selecting course, searching syllabus list, and then going through specific syl-
labus. 

http://www.ecn.purdue.edu/ kddcup
http://www.ecn.purdue.edu/ kddcup
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Table 1. Examples of generated user profiles from KDD dataset 

Pageview # Pageview content weight 
29 Main-shopping_cart 1.00 
4 Products-productDetailleagwear 0.86 
27 Main-Login2 0.67 
8 Main-home 0.53 
44 Check-expressCheckout 0.38 
65 Main-welcome 0.33 
32 Main-registration 0.32 
45 Checkout-confirm_order 0.26 

 
Pageview # Pageview content weight 

11 Main-vendor2 1.00 
8 Main-home 0.40 
12 Articles-dpt_about 0.34 
13 Articles-dpt_about_mgmtteam 0.15 
14 Articles-dpt_about_broadofdirectors 0.11 

Table 2. Examples of generated user profiles from CTI dataset 

Pageview # Pageview content weight 
19 Admissions-requirement 1.00 
3 Admissions-costs 0.41 
15 Admissions-intrnational 0.24 
13 Admissions-I20visa 0.21 

387 Homepage  0.11 
0 Admission  0.11 

 
Pageview # Pageview content weight 

349 Gradapp-tologin 1.00 
20 Admissions-statuscheck 0.35 

340 Gradapp-login 0.32 
333 Gradapp-appstat_shell 0.13 
0 Admissions  0.11 

 
Pageview # Pageview content weight 

387 Homepage  1.00 
59 Courses  0.78 
71 Course-syllabilist 0.40 

661 Program-course 0.17 
72 Course-syllabisearch 0.12 

4.3 Evaluation of user transaction clusters 

In order to evaluate the quality of clusters derived from LUI approach, we adopt 
one specific metric, named the Weighted Average Visit Percentage (WAVP)[9]. This 
evaluation method is based on assessing each user profile individually according to 
the likelihood that a user session which contains any pageviews in the transaction 
cluster will include the rest pageviews in the cluster during the same session. The 
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principle of WAVP metric is discussed as follows: suppose T is one of transaction set 
within the evaluation set, and for s specific cluster C, let Tc denote a subset of T 
whose elements contain at least one pageview from C. Moreover, the weighted aver-
age visit percentage of Tc may conceptually be determined by the similarity between 
Tc and the cluster C if we consider the Tc and C as in the form of pageview vector. As 
a result, the WAVP is computed as: 
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Fig. 3. User cluster quality analysis results upon WAVP comparison for KDD dataset 

 
Fig. 4. User cluster quality analysis results upon WAVP comparison for CTI dataset 

From the definition of WAVP, it is known that the higher WAVP value is, the bet-
ter quality of obtained transaction cluster possesses.  

As mentioned above, for comparison purpose, we conduct data simulations upon 
two real world datasets by using two approaches. Figure 3 and Figure 4 depict the 
comparison results of WAVP values for KDD and CTI datasets with PACT respec-
tively. In each figure, the obtained user profiles are arrayed in the descending rank ac-
cording to their WAVP values, which reflect the quality of various clustering algo-
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rithms. From these two curve lines, it is easily concluded that the proposed LUI-based 
technique overweighs standard K-means based algorithm in term of WAVP parame-
ter. Moreover, LUI approach is capable of capturing the latent relationships among 
user transaction and discovering user profiles representing the actual navigational be-
haviors more effectively and accurately. 

5 Conclusion and Future Work 

In this paper, we proposed a LSA-based approach, named LUI, for grouping web 
transaction and generating user profile. Firstly, we mapped the relationships among 
the co-occurrence observations (i.e. user transactions) into a high-dimensional space 
to construct the usage data in the form of session-pageview matrix. Then, an dimen-
sion reducing algorithm (i.e. single value decomposition) was employed on the usage 
matrix to capture the latent usage information for partitioning user transaction. Based 
on the decomposed latent usage information, we proposed a modified k-means clus-
tering algorithm to generate user session clusters. Moreover, the discovered user 
groups are utilized to construct user profiles expressed in the form of a weighted 
pageview collection, which represents the common usage pattern associated with one 
kind of specific visitors’ access interests. The constructed user profiles corresponding 
to various task-oriented behaviors are represented as a set of pageview-weight pairs’ 
collection, in which each weight reflects the significance contributed by the page. Ex-
periments are conducted on two real world datasets to validate the usability and scal-
ability of usage mining. Meanwhile, an evaluation metric is adopted to assess the 
quality of discovered clusters, and comparisons are made with some previous works 
as well. The experimental results have shown that the proposed approach is capable of 
effectively discovering user access pattern and revealing the underlying relationships 
among user visiting records as well. 

The future works will be focused on the research issues, such as performing ex-
periments over more datasets, broadening comparison and make use of  discovered  
user profiles for further web application, for example, web recommendation and per-
sonalization. 
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