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Abstract 

This paper is focused on the information retrieval area.  Implicit user feedback is today very important part 

of this research area. Increase of the amount of information also increases the time to find relevant 

information. Currently most Web search engines produce the same results independently of who the user is. 

The article includes system design, which implements an implicit users feedback to search based on user 

profile generated by Fuzzy Adaptive Resonance Theory (ART) neural network. 
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INTRODUCTION 

World Wide Web has changed in the last decade Great source of information. Finding the required 

information for users is a growing problem. Therefore, today systems that allow users to perform 

personalized search information and identify information needs of its increasingly important. 

Each time a user formulates a query or clicks on a search result, easily observable feedback is provided 

to the search engine. Unlike surveys or other types of explicit feedback, this implicit feedback is 

essentially free, reflects the search engine’s natural use, and is specific to a particular user and collection. A 

smart search engine could use this implicit feedback to learn personalized ranking functions for example, 

recognizing that the query “SVM” from users at computer science departments most likely refers to the 

machine-learning method, but for other users typically refers to ServiceMaster’s ticker symbol. With a 

growing and  heterogeneous user population, such personalization is crucial for helping search advance 

beyond a one- ranking-fits-all approach [20]. 

Personalization approaches vary along several dimensions (see Table I). Some make use of information 

that users explicitly specify about themselves and their interests, while others attempt to infer users' 

preferences implicitly from their actions. Some approaches note that individuals tend to have both long-

term, stable interests, and short-term temporary interests, and that these can come into conflict when 

proposing recommendations based on past actions. Some approaches make use of an individual's actions 

alone, while others attempt to improve results for an individual by harnessing the actions of the many users 

of the system, using what can  be  referred  to  as  social  or  collective  information.  When  determining  

how  to  make recommendations,  some  systems  make  content-based  suggestions,  based  on  similarity  

of keywords and text, whereas others make user-based recommendations, in which the searcher is grouped 

with other individuals who have expressed similar preferences in the past [10]. 

Since  today  seems  to  be  promising  approach  uses  preference  information  implicitly contained  in  
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the   user's  actions  (cookies,  session  variables,  etc  ...)  instead  of  explicit determination of user 

interests by clicking on the navigation objects or manually filling out a user profile, the additional burden 

on the user, will be discussed further only implicit feedback from the user [20]. 

 

TABLE I. 

A CLASSIFICATION OF APPROACHES TO INFORMATION PERSONALIZATION 1 

 

Using Explicit Preferences 

 

 

 

Individual 

User-created customization of Web sites 

User-created alerts and interest profiles 

User-specified relevance judgements for creating alerts 

(also called Routing, Filtering, and Standing Queries) 

Combining user-created and machine-augmented alerts 

 

 

 

 

Collective 

Content determined by explicitly selected user groups 

Collaborative Filtering, based on similarity to other users' 

explicit relevance judgements 

Collaborative Filtering, based on similarity of content to 

explicitly selected content 

Item-based collective recommendations 

Using Implicit Preferences 

 

 

 

Individual 

Information alerts and profiles built from the user's search

history 

The same, combined with document viewing history 

The same, combined with mapping viewed pages into categories

 

 

Collective 

Re-ranking of search results based on collective click through 

Collaborative filtering based on similarity to other users' 

implicit document viewing behavior 

Explicit And Implicit 

 

Individual 

Modifying implicit alerts with explicit relevance judgments 

Personal information assistants or agents 

 

 

1 “Individual” refers to preference information obtained from just one person; “Collective” refers to information 

gathered from the behavior of a number of people. 
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RELATED WORKS 

Joachims  and  Radlinski  [9]  provide  an  overview  of  methods  for  interpreting  implicit feedback; Kelly 

and Teevan [10] provide a bibliography of early work. Dupret et al. [7], Liu et al. [11], and  Carterette and 

Jones [4] all discuss the use of clickthroughs for Web search evaluation. Agichtein et al. [1] learn 

relevance judgments by combining multiple browsing and clickthrough features. Qiu and Cho [12] present  

a method for determining a user's interests from clickthroughs, thus allowing search results to be 

personalized to reflect these interests. 

 

IMPLICIT USER FEEDBACK 

 

A.   Information from the User and Search History 

As mentioned above, search engine logs can record queries issued by users over time. Often the same 

user's queries can be tracked via information from a cookie or a session variable, yielding what is 

sometimes referred to as a search history. The search engine can find a lot of different information about 

their users. The spelled out include: IP address - specifies the geographic location, access times, browser 

version, browser language and operating system. 

 

Sometimes also used javascript (such as Google Analytics 
2

), which can detect the resolution, speed, time 

of residence of the individual sub-pages, and so on. 

The search  engine  of  course  saves  search  history,  and  assigns  it  to  either  a  specific authenticated 

users or a specific IP address if the user is not logged in, or register a user does a search engine. Because it 

is difficult to differentiate one click from another, click history has sometimes been used in combination 

with an ontology or category structure to improve results.  

 

B.   Alerts based on a User’s Search History 

Yang and Jeh in [21], attempted to build alerts for users without requiring the users to indicate 

explicitly what their interests were.  Based on  users'  search  histories,  they  first developed an algorithm to 

predict user's ideal standing queries. After predicting these topics, a second algorithm attempted to 

automatically classify new documents as to whether or not they fit the standing queries. The goal was to 

alert users to the appearance of new documents that might be of interest based on what they had viewed in 

the past. First evaluated implicit features derived  from  159  users'  search  history  logs  to  determine  

which  would  be  useful  for automatically identifying what the topics are that the user is interested in. 

The best features were: a large number of clicks in the search session (>8), a large number of refinements in 

the search session (>3), and a strong history match score, meaning that terms from a query within a session 

matched queries from other  sessions in the user's search history. The resulting precision/recall tradeoffs 

varied from 90/11 to 57/55, so the results were promising. Next assessed features for determining which 

documents should be recommended for the user's topics as standing queries.  They found that  a  

combination  of  a  statistical  ranking  score combined with in-link information multiplied by the inverse 

of the search engine ranking produced good results - precision/recall tradeoffs in the 70/88 range. Thus, this 

approach which uses searchers' prior behavior to implicitly come up with articles to recommend, is a 

promising way to improve alert systems [8, 21]. 

 

 

2 http://www.google.com/analytics/ 
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Going beyond query logs, another method of gathering implicit preference information that seems 

especially  potent is recording which documents the user examines while trying to complete an extended 

search task. In this framework, users examine documents for their own understanding, and do not have to 

make explicit relevance judgements about those documents. They may in fact view irrelevant documents as 

they browse and navigate, but the idea is that these “noisy” views do not significantly hurt the overall 

results. This approach can thus be thought of as occupying a middle ground between pseudo-relevance 

feedback and traditional relevance feedback [8, 9, 10]. 

In a followup study [14], gathered query history for four users for one month. After their time was up, 

the participants were asked to select 15 queries from their usage history (these queries had to match their 

general interests or belong to a long chain of queries). They were then asked to rank the top 20 search 

results produced by a standard search engine for each of these 15 queries. Tan et al., 2006 then tried to 

predict these relevance  judgments, based on prior search activity. They found mild improvements in rank 

order for first-time queries and significant improvements for repeated queries [8, 14]. 

 

In [16] developed a user profile by making use of a large number of implicit features gathered over 

time. These features included all documents that the individual had looked at in the past, whether or not 

this information was accessed in the last month, and the participants' query history. The profile was then 

used to re-rank search results, using a relevance feedback algorithm.  They  found  that  the  richer  the  

previously  visited  information,  the  better  the relevance feedback results. However, the personalized 

ranking performed significantly worse than a web-based ranking baseline. Combining the personalized 

results with the web-based ranking yielded a slight improvement over web-based ranking alone [8, 16]. 

 

The use of implicit information from viewing of documents described above makes use of a user's 

interaction history over many query sessions. An alternative is to automatically adjust the rankings in real 

time, during a single search session. Singh et al. in [13], use a version of the click through inversion idea 

to re-rank the hits  returned for a single query and the user views those results. The terms associated with 

the links that have been clicked on so far are weighted positively, while those not clicked on are weighted 

negatively, to provide a real-time re-ranking. This can be seen as an implicit version of the explicit re-

rankings used in the Google search results personalization interface [3, 8, 13]. 

 

Design of a System 

This is the initial design prototype system (see Fig 1.) is based on the clustering the categories of 

documents for individual users. The activity system can be described by the following steps: 

 

1.  The user clicks on any searched document, which is a category with some degree of competence. 

2.  This category is within the user profile increases the weight and other categories to reduce weight. If 

the document belongs to multiple categories, so the weight of a user converted proportionally according to 

the extent appropriate. The system consists of two fuzzy sets: a matrix of documents and categories of users 

and the nut category. 

3.  The resulting documents are sorted by categories according to user preferences. 

 

Example: 

The user enters the search word "jaguar". The search engine returns the documents to him from the 

category "cars" and "nature". The system creates a user profile for him (thus creating a new cluster) with 

randomly assigned weights. The user clicks on a document from the 
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'nature'. His profile is automatically increased weight category of "nature" and proportionately reducing the 

weight of other categories. When the second search times as ambiguous word. "head", the system will 

first write out documents from the category of "nature", and then to other categories of documents. 

To avoid conflict between long-term and short-term interests of the user, the system will randomly 

lower weights to the different categories and thus simulate a "forgetting" the neural network. 

Key requirements for the system: 

1) Processing speed - as proposed model is based on the modified fuzzy ART neural network, which 

is very fast compared to eg. Fuzzy C-means, we assume that the system will meet this requirement, 

2) The incremental learning - we calculate with dynamically growing system. Learning network again 

with a complete set of input data is not acceptable. Modified Fuzzy ART network, can incremental add 

new users without re-learning, 

3) Small memory requirement - this requirement is difficult to meet because ART networks are memory 

demanding. 

 

 
 

Figure 1.  Design of Implicit User Feedback System based on Fuzzy ART Neural Network 

 

CONCLUSIONS AND FUTURE DIRECTIONS 

Several major search engines currently offer a personalization feature that attempts to rank 

search results based on what the user has searched for in the past, but no details beyond anecdote  are  

available as  to  their  efficacy.  When  asked  to  comment on  the behavior  of Google's personalization 

system, a Google VP stated that it is used cautiously, adjusting results only in about one out of five queries, 

and changing at most two hits in the first page of ten [7]. 

Motivation for this article arose from experience with various commercial search engines like Google, 

Yahoo, Lycos, Altavista, etc ... to ignore, or very little account of implicit feedback from users. In the 

future we would like to implement a system designed to test for it apart from the Fuzzy ART networks and 

other fuzzy clustering algorithms such as Fuzzy C- means, Gustafson-Kessel clustering algorithm and 

Gath-Geva clustering algorithm. 
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