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Abstract 

Web transaction data between Web visitors and Web pages usually convey 

user task-oriented behavior patterns. We have proposed a mathematical user 

profiling algorithm for Web recommendation based on PLSA and LDA 

model. With the discovered usage knowledge from Web usage mining via 

various latent semantic analysis models, we construct a set of usage access 

patterns. By measuring the similarities between the active user and the 

discovered usage patterns, we choose the most similar user profile as the 

candidate usage pattern. The recommended page list is generated by 

incorporating the chosen user profile with the top-N weighted scoring scheme 

for Web recommendation. We have developed two mathematical Web 

recommendation algorithms with Probabilistic Semantic Latent 

Analysis(PLSA) and Latent Dirichlet Allocation (LDA)  model respectively. 
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1. INTRODUCTION 

Web recommendation approach by identifying the user’s task-oriented navigational 

distribution and incorporating it into the top-N weighted scoring scheme. Experiments 

conducted on the real world data sets have evaluated the proposed algorithm in terms 

of recommendation accuracy. The main idea of this approach is the use of the weights 

of pages within the dominant task space; however, it doesn’t take the historical visits 

of other Web users into consideration. As a consequence, we aim to develop a Web 

recommendation algorithm via collaborative filtering techniques in this chapter. In 

particular, we propose two Web recommendation algorithms, which are called user 
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profiling approaches based on two latent semantic analysis models. The rest of this 

chapter is organized as follows: we first present two usage-based Web 

recommendation mathematical algorithms based on PLSA and LDA model 

respectively. we give Web recommendation performance analysis in terms of 

recommendation accuracy from experiments conducted on the real world usage 

datasets, with the proposed recommendation algorithms . In order to evaluate the 

effectiveness of the proposed algorithms, comparison studies are carried out against 

existing Web recommendation algorithms.   

 

2. RELATED WORK 

Web recommendation research has become a hot topic in the context of Web data 

management in the last decade despite of the fact that recommender systems have 

been well studied in machine learning and information retrieval areas.  To-date, there 

are two kinds of approaches and techniques commonly used in Web recommendation, 

namely content-based filtering and collaborative filtering systems [3, 4]. Content-

based filtering systems such as WebWatcher [5] and client-side agent Letizia [6] 

generally generate recommendations based on the pre-constructed user profiles by 

measuring the similarity of Web contents to these profiles, while collaborative 

filtering systems make recommendations by utilizing the rating of the current user for 

objects via referring to other users’ preferences that is closely similar to the current 

one. In addition, Web usage mining has been proposed as an alternative method for 

not only revealing user access patterns, but also making Web recommendations 

recently [1]. With the benefit of great progress in data mining research communities, 

many data mining techniques, such as collaborative filtering based on the k-Nearest 

Neighbour algorithm (kNN) [7-9], Web user or page clustering [1, 10, 46], association 

rule mining and sequential pattern mining technique [19] have been adopted in the 

current Web usage mining methods. With the development of Web usage mining 

techniques contributed by academics and researchers in a variety of application areas, 

the application fields are broadened widely and deepened throughout. For example, 

Liu et al [16] proposed a framework for forming communities in a peer-to-peer 

communication environment by analysing the client-side Web browsing history. This 

framework is based on a statistics-based approach. In [17], Bose et al incorporated the 

ontology in the form of concept hierarchy into usage based recommendation systems 

to reinforce recommendations by taking semantics into account, whereas [18] 

combined model-based and memory-based CF algorithms into a hybrid system to 

improve the recommendation performance without incurring high computational 

costs. And Jin et al [20] introduced a Maximum Entropy algorithm into the 

recommendation scoring algorithm to achieve better recommendation. Consequently, 

many efforts have been contributed and great achievements have been made in such 

research fields as Web personalization and recommendation systems [5, 6], Web 
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system improvement , Web site modification or redesign, and business intelligence 

and e-commerce [5].  

 

3.  USER PROFILING ALGORITHMS FOR WEB 

we present two usage-based user profiling algorithms for Web recommendation based 

on PLSA and LDA model respectively. we have derived user access patterns and user 

profiles via a probability inference algorithm. In the following parts, we aim to 

incorporate the discovered usage knowledge with the collaborative filtering algorithm 

into the Web recommendation algorithm.  

 

3.1  Recommendation Algorithm based on PLSA Model  

As discussed in the previous chapter, Web usage mining will result in a set of user 

session clusters { } SCL SCLSCL SCL= _ , where each , ,1 2 kSCL  is a collection of 

user I sessions with similar access preferences. And from the discovered user session 

clusters, we can then generate their corresponding centroids of the user session 

clusters, which are considered as usage profiles, or user access patterns. The complete 

formulation of usage profiling algorithm is expressed as follows:  

Given a user session cluster SCL , the corresponding usage profile of the cluster is I 

represented as a sequence of page weights, which are dependent on the mean weights 

of all pages engaged in the cluster where the contributed weight,ijii ii n up w w w= _ 

(7.1) , ,( )1 2w , of the page p within the user profile jup is: iAnda is the element 

weight of the page select the most significant pages for recommendation, we can use 

filtering method to choose a set of dominant pages with weights exceeding a certain 

value as an expression of user profile, that is, we preset a thresholdµ and filter out 

those pages with weights greater than the threshold for constructing the user profile. 

Given This process performs repeatedly on each user session cluster and finally 

generates a number of user profiles, which are expressed by the weighted sequences 

of pages. These usage patterns are then used into collaborative recommendation 

operations.  Generally, a Web recommendation is to predict and customize Web 

presentations in a user preferable style according to the interests exhibited by 

individual or groups of users. This goal is usually carried out in two ways. On the one 

hand, we can take the current active user’s historic behaviour or pattern into 

consideration, and predict the preferable information to this specific user. On the other 

hand, by finding the most similar access pattern to the current active user from the 

learned usage models of other users, we can recommend the tailored Web content. 

The former one is sometimes called memory-based approaches, whereas the latter one 

is called model-based recommendations, respectively. In this work, we adopt the 

model-based technique in our Web recommendation framework. We consider the 
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usage-based user profiles generated in section 4.3 as the aggregated representations of 

common navigational behaviours exhibited by all individuals in the same particular 

user category, and utilize them as a usage knowledge base for recommending 

potentially visited Web pages to the current user. Similar to the method proposed in 

[1] for representing user access interest in the form of a n-dimensional weighted page 

vector, we utilize the commonly used cosine function to measure the similarity 

between the current active user session and discovered usage patterns. We, then, 

choose the best suitable profile, which shares the highest similarity with the current 

session, as the matched pattern of current user. Finally, we generate the top-N 

recommendation pages based on the historically visited probabilities of pages by other 

users in the selected profile. The detailed procedure is described as follows:  

[Algorithm 1]: MathematicalUser profiling algorithm for Web recommendation 

based on PLSA  

[Input]: An active user session s  and a set of user profiles { }aup up= . matmat 

PLSA a j j 

[Output]: Top-N recommendation pages( ) { , 1, 2, , }Step 1: The active session 

ajREC s p pP j N= ∈ = …. S and the discovered user profile sup are viewed as n-

dimensional vectors over the page space within a site, i.e. jiw is the significant weight 

contributed by the page a aaa ns w wStep 2: Measure the similarities between the 

active session and all derived usage profiles, and choose the maximal one out of the 

calculated similarities as the most matched pattern 

Step 3: Incorporate the selected profile recommendation score ( )ia mat a jjup with the 

active session rs p  for each page Thus, each page in the profile will be assigned a 

recommendation score between 0 and 1. Note that the recommendation score will be 0 

if the page is already visited in the current session,  

Step 4: Sort the calculated recommendation scores obtained in step 3 in a descending 

order, i.e. mat matmatnrs w w w= _, and select the N pages with the highest  

 

3.2 Recommendation Algorithm Based on LDA Model  

In this section, we present a user profiling algorithm for Web recommendation based 

on LDA generative model. LDA is one of the generative models, which is to reveal 

the latent semantic correlation among the co-occurent activities via a generative 

procedure. Similar to the Web recommendation algorithm proposed in the previous 

section, we, first, discover the usage pattern by examining the posterior probability 

estimates derived via LDA model, then, measure the similarities between the active 

user session and the usage patterns to select the most matched user profile, and 

eventually make the collaborative recommendation by incorporating the usage 

patterns with collaborative filtering, i.e. referring to other users’ visiting preferences, 
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who have similar navigational behaviours. Likewise, we employ the top-N weighted 

scoring scheme algorithm into the collaborative recommendation process, to predict 

the user’s potentially interested pages via referring to the page weight distribution in 

the closest access pattern. In the following part, we explain the details of the 

algorithm. Given a set of user access models and the current active user session, the 

algorithm of generating the top-N most weighted pages recommendation is outlined 

as follows:  

[Algorithm 2]: Mathematical User profiling for Web recommendation based on LDA 

model  

[Input]: An active user sessionand a predefined threshold, the computed session-topic 

preference distribution θ  arec reclda a j j 

[Output]: Top-N recommendation pages( ) { | , 1, 1} 

Step 1: Treat the active session a i w = , if page 1iaREC s p pP j N= ∈ = -_. sas a n-

dimensional vectors: p  is already clicked, and otherwise 

Step 2: For each latent topicjaiw=z, choose all user sessions user session aggregation 

R and compute the usage pattern as   s Rjiszisup∑∈θ·=Rij0, ia a aa ns w w w= _ , 

where  

Step 3: Measure the similarities between the active session and all learned user access 

models, and choose the maximum one out of the calculated similarities as the most 

closely matched access pattern 

Step 4: Refer to the page weight distribution in the most matched access pattern and 

calculate the recommendation score ( ) RS p for each page I recii a rec ( ) (,) pi: RS p 

w sim s up= ×  (7.11) Thus, each page in the matched pattern will be assigned a 

recommendation score between 0 and 1. Note that the recommendation score will be 0 

if the page is already visited in the current session,  

Step 5: Sort the calculated recommendation scores obtained in step 4 in a descending 

order, i.e. rec recrecnRS w w w= _, and select the N pages with the top-N highest ( , , 

, )1 2recommendation scores to construct the top-N recommendation set:  rec 

recrecLDA a j jjREC s p RS p RS p j N( ) { | ( ) ( ), 1, 2, 1} 

 

4.  EXPERIMENTS AND RESULTS  

In order to evaluate the effectiveness of the proposed methods based on PLSA and 

LDA model, we conduct experiments on two real world usage data sets, and conduct 

comparisons with existing recommendation algorithms. We present the results of the 

recommendation performance in this section. The Web usage dataset used in 

experiments is the same as those used in the previous chapters. We briefly describe 

the datasets as follows. The data set is from a university’s department Web log file, 
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which consists of 13710 sessions and 683 pages, and each entry up , rec of the usage 

matrix corresponds to the amount of time (in seconds) spent on pages during a given 

session. For convenience, we refer to this data as “CTI data”.  

 

4.2 Evaluation Metric of Web Recommendation Accuracy  

Here we use the evaluation metric of Web recommendation accuracy described in the 

previous chapter. This metric is called hit precision [1], which is used to assess the 

effectiveness of the recommendation algorithm in the context of top-N 

recommendation. In order to compare our approach with other existing methods, we 

implement a baseline method that is based on the clustering technique [1].  

 

4.3 Experimental Results  

Figure 1 depicts the comparison results of recommendation accuracy in terms of 

hitpparameter using PLSA-based and clustering-based recommendation algorithm 

respectively with CTI dataset. From the Figure 1, it is shown that the proposed PLSA-

based technique consistently overweighs the standard clustering-based algorithm in 

terms of hit precision parameter. In this scenario, it can be concluded that our 

approach is capable of making Web recommendation more accurately and effectively 

against the conventional methods. For another user, we can find that the user is 

mainly conducting two tasks, i.e. task #4 and task #13. Referring to the derived tasks 

in Table 6-2, we can further identify that task #4 represents prospective students 

searching for admission information, such as requirement, orientation etc, whereas 

task #13 reflects the activity of those students who are particularly interested in 

postgraduate programs in IT disciplines. Unlike the first user, the second user clearly 

exhibits the cross-interest as the difference between the two corresponding 

probabilities of the tasks is not quite significant.   

 

Figure 1: Web recommendation evaluation uponhitpcomparison for CTI dataset 
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Figure 2: Hit precision comparison of Web recommendation on CTI dataset 

 

The experimental results in terms of hit precision with LDA model are shown in 

Figure 2. In order to compare the proposed approach with other methods, we also 

carry out experiments on CTI dataset with the conventional clustering-based and the 

PLSA-based approaches. In a similar manner, the usage-based session clusters by 

performing the k-means clustering and the probability inference with PLSA model [1, 

15] are constructed to aggregate user sessions with similar access preferences, and the 

centroids of clusters are derived as the aggregated user access patterns.  

The results demonstrate that the proposed LDA-based technique consistently 

outperforms the standard clustering-based and the PLSA-based algorithms in terms of 

hit precision parameter, the standard clustering-based algorithm always generates the 

least accurate recommendation precision, and the recommendation performance of the 

PLSA-based algorithm is in the middle of the other two. From this comparison, it can 

be concluded that the proposed recommendation approaches based on latent semantic 

analysis models are capable of making Web recommendation more accurate and 

effective against the conventional recommendation methods. In addition to the 

advantage of high recommendation accuracy, these approaches are also able to 

identify the latent semantic factors why such user sessions or Web pages are grouped 

together in the same category.  

 

5. CONCLUSION  

Web transaction data between Web visitors and Web pages usually convey user task-

oriented behaviour patterns. As a result, there is an increasing demand to develop 

techniques that can not only discover user task-oriented access patterns, but also 

characterize the underlying relationships among Web users, user access tasks and 

Web pages.  
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In this chapter, we have proposed a unified user profiling algorithm for Web 

recommendation based on PLSA and LDA model. With the discovered usage 

knowledge from Web usage mining via various latent semantic analysis models, we 

construct a set of usage access patterns (i.e. user profiles). By measuring the 

similarities between the active user and the discovered usage patterns, we choose the 

most similar user profile as the candidate usage pattern. The recommended page list is 

generated by incorporating the chosen user profile with the top-N weighted scoring 

scheme for Web recommendation. We have developed two Web recommendation 

algorithms with PLSA and LDA model respectively. Experimental results that 

conducted in comparison with other existing recommendation algorithms have shown 

that latent semantic analysis based recommendation algorithms are able to make 

recommendations accurately and efficiently. In addition to the high recommendation 

precision, the latent semantic analysis models have the capability of revealing the 

latent factor space associated with the discovered usage knowledge.  
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