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Abstract 
Currently, due to the explosive growth of the Web, millions of new Web 

documents are being added in a short span of time. These documents 

provide information in a number of semantic categories such as sports, 

politics, consumer goods etc. Due to the presence of large number of 

semantic categories, identifying the users intended information 

requirement becomes challenging, because quite often, the information 

querying is performed through keyword queries which may create 

ambiguity in interpreting the user query. 

Web Personalization is a technique which orients the Web search engine 

to cater for user's information requirements. The passive feedback 

framework for Web Personalization collects the statistics related to user 

information requirements without voluntarily involving the user. This 

framework is advocated for those users who are not comfortable in 

providing active feedback about their information requirements. 

Veritably, learning models seem attractive to implement passive 

feedback framework. But, most of the learning models require training set 
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to perform effective functioning. Since, the users are un-comfortable in 

providing any direct feedback for their information requirements, creating 

the required training set for a specific user becomes a challenge. Some of 

the contemporary techniques advocate using small degree of active 

feedback, which defeats the very purpose of building a complete passive 

feedback framework for Web personalization. 

In this work, a new passive feedback framework for Web 

Personalization, which utilizes probability graphical model is presented. 

The training set for the proposed framework is generated without the need 

of direct feedback from the user. This proposed framework empirically out-

performs the contemporary technique in-terms of substantial increase in 

search effectiveness. 
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1. Introduction 

Overview on Web Personalization 

Web is facing the challenge of Big Data, wherein, the challenge not only lies in 

the query execution performance, but, also in providing user relevant results. 

Quite often, the Web search engines provide keyword query interface, which 

may result in ambiguity regarding the exact context interpretation of the query. 

For example, the query John Adams might easily refer to the former U.S 

president, but, the user might be interested about a scientist who also shares the 

same name. Without the aid of Web Personalization, and due to the Big Data 

effect, extremely large number of Web documents related to the query, which 

contain information about all the individuals, events and monuments sharing the 

same name might be returned. This humongous result set makes it extremely 

difficult for the user to search for the relevant documents. 

One of the straightforward methods to overcome ambiguity is to force the user 

to submit keyword queries with context description. But, some of the users 

might not be comfortable in revealing their exact context, and even with context 

description, ambiguity might still persist. To overcome this issue, a technique 

called Web Personalization was proposed in the literature [1-3]. This technique 

aligns the Web search engine to cater specific users information needs. 

 

Figure 1: Passive Feedback Framework Flow Diagram 

The two major frameworks for Web Personalization are: active feedback and 

passive feedback. The active feedback framework expects the user to provide 

feedback on the result set of each query, indicating the relevance level of each 

document in the result set. This framework might not appeal to every user, 

because some of the users might not be keen in providing the required feedback, 

and such users, might be deprived from the benefits of Web Personalization. 
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Since, each user to a large degree has uniqueness in information requirements, 

utilizing the feedback knowledge of other users is largely ineffective. 

The passive feedback framework does not require user's feedback, but, collects 

the user specific search statistics indirectly by using automated trackers, query 

logs etc. This framework, quite often, provides lesser effectiveness compared to 

active feedback framework, but, it is an inevitable choice for those users who 

are uncomfortable in providing the required result feedback. 

The generic flow diagram of the Web Personalization technique, which employs 

passive feedback framework, is illustrated in Figure 1. The query stemmer 

module performs stemming of the user query submitted in the user query 

interface to remove unwanted terms. The query interpreter module interprets the 

context of the query, and maps the user query to the related semantic category/s 

by utilizing the user’s stored statistics from previous search sessions (user 

activity tracker). The retrieving module retrieves the related documents or 

document addresses from the document repository or document index confined 

to the selected semantic category/s, and presents the result set to the user. 

Optionally, ranking of the result set is performed to sort the documents on user 

relevance (result ranking component). 

Motivation 

Since, deciding the semantic category of a user query is based upon learning 

from user's stored statistics, application of learning models to solve this problem 

appears attractive. But, most of the effective learning models require training set 

to train the model parameters. In a purely passive feedback framework, the user 

cannot be forced to give the required feedback to generate the training set. 

Currently, in the literature, the problem of generating the training set for 

learning models utilized in purely passive feedback systems has not been 

effectively addressed. 

Contributions 

In this work, the following contributions are made: 

1. A novel passive feedback framework for Web Personalization based on 

probability graphical model is proposed. This model provides better 

search effectiveness with respect to user relevance than contemporary 

technique when demonstrated empirically. 

2. The required training set is generated without the need of any active 

feedback from the user. The training set generation mechanism justifies 

its design by providing excellent user relevant results. 

Organization of the Paper 

This paper is organized as follows: Section 2 describes the related work. The 

proposed passive feedback oriented Web Personalization technique is presented 

in Section 3. The empirical results and their corresponding discussions are 

presented in Section 4. Finally, the work is concluded with future directions in 

Section 5. 
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2. Related Work 

Multiple contributions have been made to perform Web Personalization by 

using users activity data [1-3]. Some of the considered parameters were user 

goals, personal interest, context, prior knowledge, language, country etc. It was 

highlighted in [4-7] that, inaccurate Web Personalization can have great 

negative impact on the user’s satisfaction. It was also highlighted that, passive 

feedback framework are especially vulnerable to go astray from the intended 

goal, because required knowledge(including training set) might not be available. 

Community based Web Personalization techniques [8-12] cluster a group of 

individuals, and provide a common Personalization for all the members in the 

cluster. The grouping of individuals is automated based on the common pattern 

of searching. By using learning models, the users are clustered, and a common 

Personalization is provided to all the users in the cluster. It was argued in [8, 10] 

that, extreme individual Personalization might reduce the overall effectiveness 

of the system. In [9], the individual Personalization model was augmented 

through the community Personalization model. However, community based 

Web Personalization is effective in only some cases, and the remaining cases 

demand individual Web Personalization. 

Aggregate level Web Personalization systems [13-16] do not perform 

Personalization over specific users, but, the documents which are most likely to 

be accessed in future will be identified, and given preference in the final ranking 

of the result set. In a stricter sense, aggregate level Web Personalization cannot 

be recognized as genuine Personalization scheme, but, only as a result ranking 

module. 

It was argued in [17] that, the user keyword queries require transformation to 

understand the intended context. There are multiple techniques proposed in the 

literature to perform query transformation. In [18-22] the terms in the user 

stored statistics are selected to expand the query. In [23-26] the terms present in 

the top ranked documents in the result set of the previous queries submitted by 

the user are used for expanding the query. However, query transformation can 

only aid in the context understanding of the user query, but, usually cannot on 

its own decide the intended context of the query. 

Recently, a purely passive feedback framework oriented Web Personalization 

system was proposed [27]. This system achieves Personalization based on user's 

click data. However,  the system is too naive to provide robust effectiveness. 

3. Proposed Passive Feedback Framework 
for Web Personalization 

Passive Feedback Framework Parameters 

The user Web activity information will be stored for each session. Each session 
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can be considered as the time interval in which, the user submits a query, and 

goes through the corresponding result set. The Web documents are divided into 

m semantic categories, and each document is assumed to have a single category 

affiliation. The session Web activity information will be stored in the form of 

tuples. Here, each tuple represents a semantic category, so, there will be m 

tuples in each session. Let, tij indicate the tuple belonging to the i
th

 session and 

j
th

 semantic category. Let, ‘s’  be the number of sessions for which the user 

activity data is stored. Here, 1 ≤ i ≤ s and 1 ≤ j ≤ m. The following attributes are 

considered for each tuple: 

1. Activity Time:  The first attribute considers the amount of time spent by 

the user in going through the documents belonging to a particular 

semantic category, and for a particular session. Here, at(tij) indicates the 

attribute value stored in tuple tij regarding activity time for the i
th

 

session, and corresponding to j
th

 semantic category. 

2. Number of Document Access: The second attribute considers the number 

of documents corresponding to a semantic category visited by the user 

during a particular session. Here, nd(tij) indicates the attribute value 

stored in tuple tij regarding number of visited documents for the i
th

 

session, and corresponding to j
th

 semantic category. 

3. Number of Consecutive Document Access: The third attribute considers 

the number of times the user accesses two documents belonging to the 

same semantic category consecutively in a particular session. Here, 

cd(tij) indicates the attribute value stored in tuple tij regarding number of 

times the user consecutively accesses two documents belonging to the j
th

 

semantic category, and for the i
th

 session. 

4. User Location:  The fourth and the final attribute considers the location 

of the user in  a particular session. The location refers to some country, 

and each country has a unique identification which ∈ N. Here,  co(tij) 

indicates the attribute value stored in tuple tij regarding the location of 

the user corresponding to the i
th

 session. 

Generation of Training Set 

The user activity data is split into two exclusive subsets. The rst subset called 

the training set contains session data for s1(s1 < s) sessions, and the second 

subset called the test set contains session data for s2(s2 < s) sessions. Here, s1 + 

s2 = s and s1 >> s2. Let, tr_set indicate the training set,  and te_set indicate the 

test set. Also,    𝑡𝑟_𝑠𝑒𝑡 = s1  and  𝑡𝑒_𝑠𝑒𝑡 = s2. 

Each tuple tij ∈ tr_set   is labeled with the label lij = 0 or 1.  Here, lij = 1 

indicates that, the tuple tij is relevant for the query corresponding to the i
th

 

session. Only a single tuple is considered relevant for a particular session, and lij 

= 0 indicates that, the tuple tij is irrelevant for the query corresponding to the i
th

 

session. 

The labeling of i
th

 session tuples is performed by performing the optimization 

task represented in Equation 1. Here, 𝒕𝑖𝑗  is that tuple, which satisfies the 
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optimization condition. The labeling of the tuples ∈ i
th

   session is performed as 

represented in Equation 2. 

𝒕  ij= max(nd(tij) + at(tij) +  cd(tij)), Here session tij  tr_set   (1) 

𝑙𝑖𝑗 =  
1,              𝑓𝑜𝑟   𝑡𝑖𝑗 

0,    other tuples
        (2) 

Problem Statement 

Let, lj = 1 indicate that the j
th

 semantic category is relevant to the user, and lj = 0 

indicate that it is irrelevant. The task is to design the probability density 

function, which accomplishes the selection of user required semantic categories 

by calculating the relevance probability as represented in Equation 3. 

(3) 

Graphical Model 

Each semantic category is associated with a random vector, which is 

represented in Equation 4. Here, Tj is the random vector associated with the j
th

 

semantic category, and lj;, at(j), nd(j), cd(j) and co(j) are the random variables 

which  𝐓𝒋. 

𝐓𝑗 =  

 
 
 
 
 
 

𝑙𝑗
𝑛𝑑 𝑗 

𝑐𝑑 𝑗 

𝑎𝑡 𝑗 

𝑐0(𝑗) 
 
 
 
 
 

             (4) 

For any tij ∈ tr_set (1 ≤ i ≤ s1) is   considered as an observation or sample of the 

random vector Tj. So, lij, nd(tij), at(tij), cd(tij) and co(tij) are considered as the 

observations or samples of the random variables lj, nd(j), at(j), cd(j) and co(j) 

respectively. Based on the empirical analysis, the graphical model illustrated in 

Figure 2 is defined. Here, cd(j) and nd(j) are correlated random variables, 

because there is a tendency that, as the number of consecutive document access 

corresponding to a semantic category increases, it also influences the increase in 

the number of document access in the same semantic category. 

 

Figure 2: Proposed Graphical Model 
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Based on the graphical model and chain rule of probability, the conditional 

probability of lj with respect to nd(j), at(j), cd(j) and co(j) is represented in 

Equations 5 and 6. 

𝑃 𝑙𝑗  𝑛𝑑 𝑗 , 𝑐𝑑 𝑗 ,𝑎𝑡 𝑗 , 𝑐𝑜(𝑗) =  
𝑃(𝑙𝑗 ,𝑛𝑑  𝑗  ,𝑐𝑑 𝑗  ,𝑎𝑡 𝑗  ,𝑐𝑜 𝑗  )

𝑃(𝑛𝑑  𝑗  ,𝑐𝑑 𝑗  ,𝑎𝑡 𝑗  ,𝑐𝑜 𝑗  )
    (5)  

          (6)  

Based on the empirical analysis, the distribution functions are represented in 

Equations 7, 8, 9 and 10. Here,   Φ refers to normal distribution, µ1 ∈ R
5
, Σ1 ∈ 

R
5x5

, µ2 ∈R
2
, Σ2 ∈ R

2x2
, µ3, µ4, σ3

2 
and σ4

2
 ∈ R. The calculation techniques of 

these distribution parameters are outlined in the Appendix section. 

P(lj , nd(j), cd(j), at(j), co(j)) ∼ Φ(µ1, Σ1)         (7) 

P(nd(j), cd(j)) ∼ Φ(µ2, Σ2)                (8) 

P(at(j)) ∼ Φ(µ3, σ3
2
 )                 (9) 

P(co(j)) ∼ Φ(µ4, σ4
2
 )                 (10) 

Generation of Master Tuple from Test Set  

For each semantic category, a master tuple is created by using the tuples ∈ 

te_set. This scenario is illustrated in Equation 11.  Here, 𝑡𝑗    is the master tuple 

for the j
th 

semantic category. 

     (11) 

The relevance probability for  𝑡𝑗    is represented in Equation 12.   

Here, nd(j) = nd( 𝒕𝑗   ), cd(j) = cd( 𝒕𝑗   ), 

at(j) = at( 𝒕𝑗   ), and co(j) = co(𝒕𝑗   ). 

     (12) 

Algorithm 

The proposed Web Personalization technique is outlined in Algorithm 1. The 

user activity data will be used in generating the required training set as 

described in Section 3.2. The distribution parameters, which are required in 

calculating the relevance probability of a semantic category represented in 

Equation 6 are calculated as described in the Appendix. 

The master tuple for each semantic category is generated by using Equation 11, 

and the corresponding relevance probability is calculated by using Equation 12. 

The semantic categories are sorted in non-increasing order, based on their 

relevance probability values. This ordered semantic categories for user U is 
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used to resolve ambiguity if it arises in the future queries submitted by U. 

Higher the ordered list entry, more relevant will be the semantic category to the 

user U. 

Algorithm 1 Proposed Web Personalization Technique (User U) 

Generate the training set as outlined in Section 3.2. 

Calculate the distribution parameters represented in Equation 6 for each 

semantic category   j(1 ≤ j ≤ m) by using the procedure outlined in 

Appendix. 

for  j = 1 to m do 

Calculate 𝒕𝑗    by using Equation 11. 

Compute the relevance probability P (lj = 1| 𝒕𝑗   ) by using Equation 12. 

end for 

Sort the semantic categories based on their relevance probability in non-

increasing order. 

Higher the position of a semantic category in the ordered list, higher will be 

its priority. 

For any query launched by user U, if ambiguity arises due to the semantic 

interpretation of the query, then, the qualified semantic categories are given 

preference based on their priority values. 

4. Results and Discussions 

System Setup 

For the goal of empirical performance analysis, the proposed Web 

Personalization technique is implemented inside a customized prototype Web 

search engine. Web documents belonging to three different Web datasets 

namely: IMDB, Wikipedia and Mondial are used for performing Web query 

search. Each user submits the query to the Web search engine interface, and the 

relevant documents extracted by the searching component of the Web search 

engine is ranked by using state of the art IR ranking functions. 

If the user submits an ambiguous query, then, the qualifying Web documents 

will be ordered in two phases.  

In the first phase, the Web documents are grouped based on their semantic 

categories. The group priority will be decided based on their corresponding 

semantic category priority values. Higher priority groups will be presented first 

to the user. In the second phase, inside each group, the documents will be 

ranked based on the IR ranking functions. 

The empirical setup parameter values are outlined in Table 1. Totally, 20 users 

were used in the empirical analysis. The required user activity information was 

recorded through the user activity recording module incorporated inside the 

Web search engine. 
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Table 1: Empirical Setup Parameter Values 

Empirical Setup Parameters Used Values 

  Total number of Web documents Around 10
5
 

  Number of semantic categories (m) 100 

  Number of users 20 

Number of Queries submitted by each user (s) 100 

  Number of queries in the training set (s1) 80 

Number of queries in the test set (s2) 20 

 

Figure 3: Queries vs Precision Figure 3: Queries vs Recall 

Each user had submitted 100 queries, and the user activity in the provided non-

personalized result set was recorded to create the required test set and training 

set. 

To perform the empirical analysis, randomly six users are selected from the 

available 20. Each user will submit a new single query to the Web search 

engine, and the provided personalized results will be subjected to user feedback. 

The user will assign a relevance value between [0 10] to each Web document of 

the result set, wherein, 0 indicates that the document is irrelevant, and 10 

indicates it is the most relevant. Top-100 results for each query will be 

presented to the user. 

The proposed Web Personalization technique, for the ease of reference will be 

referred as web-new, and it will be compared against contemporary passive 

feedback oriented Web Personalization technique [27], which will be referred as 

web-old. 

Empirical Results Discussions 

The designed experiment analyzes the performance of web-old and web-new 

with respect to the six IR metrics: Precision, Recall, Average Precision, 

Reciprocal Rank, Fall-Out and Fβ. The result of this analysis is illustrated in 

Figures 3, 4, 5, 6, 7 and 8. It is evident that, web-new out performs web-old in 

all the six IR performance metrics, mainly due to the effectiveness of the 
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proposed model, which considers the most effective parameters to decide user 

affinity towards the available semantic categories.  

     

Figure 5: Queries vs Avg Precision Figure 6: Queries vs Reciprocal Rank 

 

Figure 7: Queries vs Fall-Out  Figure 8: Queries vs F3 

5. Conclusion 

In this work, the importance of Web Personalization was highlighted. The 

requirement of passive feedback framework for Web Personalization and its 

associated challenges were highlighted. The related work in the literature, and 

corresponding shortcomings were presented. For the proposed Web 

Personalization technique, the training set was generated without any active 

intervention of the user. A graphical model oriented Web Personalization 

technique was presented, which substantially outperformed the contemporary 

technique [28] in the empirical evaluations. 

In future, it will be exciting to extend the proposed Web Personalization 

technique from a purely passive feedback framework to an active feedback 

framework, and analyze the gain in effectiveness, when compared with the 

passive feedback framework and other contemporary active framework Web 

Personalization techniques. 
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Appendix A 

Parameters Calculation Techniques 

If X is a random variable, and (x, x2,…..xn) are the observations or samples of X, 

then, the expectation µ and variance σ
2
 of X are calculated as represented in 

Equations 13 and 14 respectively. Here, 𝑥 𝑛  is the sample mean of X. 

𝜇 ≈  𝑥 𝑛 =
 𝑥𝑖

𝑛
𝑖 = 1

𝑛
                  (13) 

𝜎2 ≈
1

𝑛−1
   (𝑥𝑖

𝑛  
𝑖=1 −𝑥 𝑛)2     (14) 

If Y is a random variable, and (y1, y2,…..yn) are the observations or samples of Y, 

then, the sample covariance of X and Y indicated by S(X,Y) is calculated as 

represented in Equation 15. Here, 𝑦 𝑛  is the sample mean of Y. If X = Y, then, 

S(X, X) becomes the sample variance of X. 

𝑆 𝑋, 𝑌 =  
1

𝑛−1
   (𝑥𝑖

𝑛  
𝑖=1 −  𝑥 𝑛)(𝑦𝑖 − 𝑦 𝑛)    (15) 

If Z ∈ R
d
 is a random vector as represented in Equation 16, then, the covariance 

matrix Σ of Z is calculated as represented in Equation 17. 

𝑍 =  

 
 
 
 
 
𝑍1

𝑍2

.

.
𝑍𝑑  

 
 
 
 

                             (16) 

 ≈  

 
 
 
 
 
 

𝑆 𝑍1,𝑍1 𝑆 𝑍1,𝑍2 … .   𝑆 𝑍1,𝑍𝑑 

𝑆 𝑍1,𝑍2 𝑆 𝑍1,𝑍2 … .   𝑆 𝑍1,𝑍𝑑 
. .  .        

.                      .                         .     
   𝑆 𝑍1,𝑍2     𝑆 𝑍1,𝑍2     … .     𝑆 𝑍1,𝑍2      

 
 
 
 
 

     (17) 

The expectation of Z indicated by µ ∈ R
d
 is calculated as represented in 

Equation 18. Here, (z1, z2,….zn) are the observations or samples of Z. 

𝜇 ≈  
  𝑍𝑖

𝑛
𝑖 = 1

𝑛
                                      (18) 

International Journal of Pure and Applied Mathematics Special Issue

405



406


