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Abstract. This paper reviews user-click models and 

the typed query profile model in order to investigate 

principles of faster access to documents which are in a 

university campus network. There was synthesized 

university campus user model that is based on the task-

centric click model and determines document pertinence 

conditions, which relies on a user class. A solution of 

documents search automation was suggested that assumes 

that users will enable to avoid wasting of time in scientific 

materials search. 
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INTRODUCTION 

 

The university campus network (UCN) [2] is one of 

the ways of spreading scientific results of students’ and 

researchers’ scientific activities. There is an issue of faster 

access to documents that satisfy information needs of an 

individual user. It depends on necessities of making a 

chain of requests to a data source and analyzing 

documents for each request. So a researcher spends a lot 

of time to search materials, but there might be support in 

such kind of activity and they will spend that equivalent 

of time to achieve new scientific results. 

A solution of the described issue involves two tasks: 

1. synthesize a user-click model which identifies 

relevant pairs «query-document» in case of plenty of 

returned documents; 

2. determine an entity that matches pertinent 

documents to a user profile. 

There is enough amount of user-click model 

implementations based on user click behavior during the 

search of pertinent documents: 

 the dynamic Bayesian network [2]; 

 the user browsing model [5]; 

 the click chain model [7]; 

 the pure relevance model [13]. 

These models have the following disadvantage: they 

describe that a user satisfies their information needs only 

by a single query to a search engine. But more often there 

could be noticed a situation when a user has to work with 

the sequence of queries and find their pertinent data. 

Using synthesized click-model’s data will enable users to 

reduce the number of queries sequence. 

Providing the estimation of document pertinence 

based on click-model’s data relies on the entity that 

matches click-model with documents’ content. The most 

perspective way of search of such kind of entity is 

investigation of social networks which provide efficient 

manner of distributing information [14]. 

 

DATA BROWSING PRINCIPLE 

IN SEARCH ENGINES 

 

Data browsing involves the set of pairs «query-

document». This set helps to analyze user interaction 

behavior in a search engine and it often calls a user 

session [9, 10, 12]. The session refers to one of following 

categories: 

 the query session (holds details about certain 

informative query); 

 the search session (covers all queries and user’s 

interaction history). 

Click-models described above considers only the 

query session and ignores the large number of search 

session's data. In the end, these models lose accuracy of 

determination of pertinent documents. 

Click models basis 

The first issue of click modeling was the position bias 

[6]. It is stated that documents at high positions are likely 

to attract user’s attention. As an improvement of this idea 

there was introduced a concept of document relevance 

[11] which determinates relevant documents by a 

composite factor. The investigation of document 

relevance generates hypotheses of user-click behavior [3] 

that are based on the probability theory. The notations are 

presented in Table 1. 

 

User-click behavior in search engine 

One of the behavior hypotheses is an examination 

hypothesis, which assumes that a user clicks a document 

only after a short preview of its description. 
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The extension of the examination hypothesis is the 

user browsing model that assumes document click relies 

on its position and the last clicked position in the same 

query session as illustrated in Fig. 1. The user browsing 

model notations are presented in Table 2.  
 

 
 

Fig. 1.  The graphical view of  ili ,
  
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The next extension is the cascade model that 

assumes that a user will examine documents from top to 

bottom without skipping any of them. Because of its 

main disadvantage it was reworked into the following 

models: the click chain model [7] and the dynamic 

Bayesian network model [2]. The cascade model 

notations are presented in Table 3. 

 

 

They empathize that the examination probability 

depends on last clicked documents and their degrees of 

relevance.  

The concept of pertinence was introduced in the 

dynamic Bayesian network model that prescribes that a 

user won't examine next document in case of their 

information needs were satisfied. 
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Table 1 — Click-models notations 

Symbol Purpose 

iC  The document at the position  i  is clicked. 

iE  The description of the document at the position  i  is examined. 

q
 The retrieval documents query 

)(i  The document at the position i. 

)(ia  The degree of relevance of the document at the position i. 

 

Table 2 — User browsing model's notations 

Symbol Purpose 

il  The last clicked position. 

ili ,
  The transition probability from the position il  to the position i. 

 

Table 3 — Dynamic Bayesian network model’s notations 

Symbol Purpose 

iS  The degree of pertinence of the document at the position i. 

  The continuation probability of documents browsing. 

 

 

Considered click models differ by hypotheses and 

approaches of description of user-click behavior but 

none of them analyzes the search session. 

 

More common user-click behavior assumptions 

were generated [15]: 

1. a user tends to gradually express and enrich their 

information needs by documents examination; 

2. a user tends to click on fresh documents that have 

not been seen before. 

Since query generation and documents 

examination are likely to rich the large number of 

iterations, handling of search session data will reduce 

this number. To accurately determine pertinent 

documents and solve the click behavior manner the 

task-centric model was introduced [15]. 

Task-centric click model 

This model is based on user-click behavior 

assumptions and relies on the search session. The task-

centric click model has two layers [15]: 

 the macro model that solves the first assumption; 

 the micro model that solves the second assumption. 

As illustrated in Fig. 2 there is a random variable 

M  which determines whether a query matches user's 

information needs. The variable value reflects whether 

the user examines any document in this query. The 

examination of a document is described in the micro 

model and illustrated in Fig. 3. The probability that a 

document will be examined, relies on document 

relevance and the time passed from document indexing 

into data source. 
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Fig. 2. The graphical view of the first assumption scenario:  con – whether stop searching 

 

 
 

Fig. 3. The graphical view of the second assumption scenario:  con 1 – whether a document was examined 

before;   con 2 – whether examine a document description again; con 3 – whether click a document 

 

 

Layers of the task-centric click model might be 

formalized in the following manner [15]: 
 

1)1( iMP ,   (9) 
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The task-centric click model notations are 

presented in Table 4. 

 

jjiEP  )1( , ,  (12) 

dji rRP  )1( , .   (13) 

 

 

The micro model is able to be extended by a set 

of existing or custom click models. For instance, if 

there is integration with the user browsing model, 

Eq. (12) will transform to: 
 

jljllji jjj
CCEP ,1:, )0,1|1(

1
 

. (14) 

There is the variable ds  of document 

pertinence into the task-centric click model, which 

was retrieved by integration with the dynamic 

Bayesian network model. 
 

,1,1,1|1( ,,,  jijiiji REMCP   
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djiji sCSP  )1|1( ,, .  (16) 
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Table 4 — Task-centric click model’s notations 

Symbol Purpose 

iM  Whether the i-th query matches user’s information needs. 

iN  
Whether user examines remaining documents in the i-th query after her clicked and satisfied by 

the last document. 

jiE ,  Examination of the document at the j-th position in the i-th query. 

jiH ,  Previous examination of the document at the j-th position in the i-th query. 

jiF ,  Freshness of the document at the j-th position in the i-th query. 

jiR ,  Relevance of the document at the j-th position in the i-th query. 

iC  Whether click will be initiated on the document at the j-th  position in the i-th query. 

S i , j  Pertinence of the document at the j-th  position in the the i-th query. 

UNIVERSITY CAMPUS USER MODEL 

The determination accuracy of pertinent documents 

can be increased by the integration the task-centric click 

model and university campus user data, which relies on 

user's class. The classification of users might be provided 

by their activities: a student, a lecturer, an engineer. There 

was considered that the variable M  defines probability 

of document examination. Thus it shows user data, which 

are presented in Table 5, are used.  

The Fig. 2 was extended based on conditions from 

Table 5. It can be noticed that the variable M  is still 

present because of user’s information needs uncertainty. 

The formalization of the Fig. 4 is described as follows. 

The notations are presented in Table 6. 

 

 

1)|1(   diMP ,   (17) 
 

21)|1(  iNP ,   (18) 
 

The variable indl  contains the limit of time passed 

from the last document update event. 
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Table 5 – Conditions of a document pertinence 

 student lecturer engineer 

M   
whether a document topic refers to 

a discipline that they are studying 

or have already studied. 

whether a document topic 

refers to students’ course. 

whether a document topic 

refers to a specialization. 

M   

whether a document topic refers to 

a discipline that connects to 

disciplines from M  . 

whether a document topic 

refers to scientific work. 

whether a document topic 

refers to active tasks. 

M  whether a query matches user’s information needs. 

 

Table 6 – University campus user model’s notations 

 student engineer 

jiTM
,  whether document’s topic at the j-th position in the i-th query matches M   

D  a set of disciplines - 

sp
 - a specialization 

T  - a set of tasks 

d  
)|1(

,
DMP

jiT   (23) ),|1(
,

TspMP
jiT   (24) 
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Fig. 4.  The graphical view of the first enriched assumption scenario 

 

 

DATA RETRIEVAL QUERY PROFILE 

 

Social networks are one of the most useful data 

sources that allows to solve different tasks [14]: 

 notifying about natural disasters; 

 analyzing user’s activity in the Web; 

 reviewing trip routes; 

 predicting results of political elections; 

 supporting of decision making in the Web. 

The main issue in case of using this type of data is 

determination of valuable piece of information that 

satisfies user’s needs. Each network’s resource (an 

image, a video or an audio, or a message) contains 

metadata that keeps information about resource’s 

authors, counters and bound topics etc. 

To make data determination easier and more 

efficient there was proposed the enrichment principle 

based on content semantics. In this way all data should 

contain key concepts (words, phrases or expressions 

 

 

which involve named entities, topics, reasons, 

damage-rates, locations, message type etc. The 

principle assumes enrichment of an original set of 

concepts by other topic-relevant concepts. The 

combined concepts sets are able to be used in data 

search and retrieve data with topics that were not 

specified in an original query but are relevant to 

search topics. 

For instance, sending the following query 

“Ukrainian team in Canadian cup of synchronized 

swimming” user expects to retrieve information about 

the competition details and results of solo, duet and 

group programs. After enrichment of the original 

query, there will be able to examine translation records 

or a participants list, so it can be useful for the user. 

An example of the enrichment concept is presented in 

Table 7  and  Fig. 5. 

 

 

Table 7 – The enrichment original concepts 

Topic: Ukrainian team in Canadian cup of synchronized swimming 

Concepts: - original: - related: 

Ukrainian team Ukraine 

Canadian cup Canada; the final cup of world series 

sync swimming artistic swimming; sync; swimming 
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Fig. 5.  The graphical view of enrichment principle by the example query “Ukrainian team in Canadian cup of 

synchronized swimming” 

 

 

As an implementation of this principle the query 

profile model was introduced [14]. It encapsulates the 

determination of related concepts to the original set and 

assigns their weights. The concept’s weight affects in the 

estimation of the degree of data relevance. 

The query profile is formalized in the following 

manner: the concepts set  K  of the original query Q  is 

determined by a strategy s where the weight w  is 

assigned to each concept. 
 

     KKkQkwkQQP ss ,,,  Qs  (25) 

 

There are following strategies of determination 

concepts [14]: 

 by concepts semantics: synonyms, abbreviations, 

part of concepts (see Table 7); 

 by the first found and relevant n-messages; 

 by the specified time interval. 

The determination strategy by the first n-messages  

Mn  assumes that generation of the concepts set for each 

message m is based on its semantic. In the end, all sets 

combine into a result set msgS  : 
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
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



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n

i

mimmsgmS iiimsg
 1),(,|,,

1

. (26) 

 

The query profile will enable to automate relevant 

data searching via strategies that described above. 

 

 

CONCLUSION 

 

1. Synthesized user-click model will reduce the 

number of queries sequence through data about user’s 

information needs that keep into a user class. Adaptation 

user-click model requires presence a mechanism of 

documents matching and estimation of their pertinence 

degree. 

 

 

 

 

 

 

2. One of principles of data matching is the topic-

based principle. It determines the original concepts set 

and enriches it through each concept semantic. The result 

set can be used in an automated query of documents 

retrieval. The principle relies on that user class data and 

documents content should contain concepts. They 

describe topics what they refer and are used in matching 

conditions of user's information needs satisfaction. In fact, 

it will make relevant data searching easier and efficient. 
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