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Abstract   

The aim of this paper is, in accordance with efficient web search service operation objectives, to propose 

enhancements to the sophistication of the functionality that can be offered by search engine services. A meta-

search third-party result ranking mechanism is proposed, which is capable of adapting over the continuous 

changes that occur on the web, providing in parallel personalized information acquisition considering the 

user’s navigation behaviour. Transparency is achieved for both personalization and web evolution adaptation 

mechanisms, requiring virtually none effort from the user’s part. In essence, the proposed meta search engine 

rates, re-organises and combines the results acquired from search services for a specific user information 

resource request in accordance with a weighted combination of a performance related factor (tightly related 

to the ranking of the web result as given by the search engine service) and a reliability related factor 

(corresponding to the user satisfaction stemming from the specific web result that he/she browses), while the 

performance of each search engine with respect to adequately adapting to the web evolution is taken into 

account. For the evaluation of the web results reliability, a collaborative reputation mechanism is utilized, 

which helps estimating their quality and predicting their future usability, taking into account their past 

performance in consistently satisfying user expectations. A set of results indicative of the efficiency of our 

proposed scheme is provided. The Internet search services used were Google, MSN and Yahoo! 
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1 INTRODUCTION 

The vast increase of web resources has boosted the demand for effective personalized 

information resources search and acquisition. In this perspective, web search engine 

services have a vital role, since they form an information broker between the user and the 

huge amounts of disseminated information. Considering the fact that (in most cases) it is 

difficult for the users to adequately and/or accurately describe their requirements and 

constraints with keywords, the search services return a vast amount of results, presenting 

lower precision in the first recall levels (top-ranked results). Thus, the construction of user 

profiles for personalized information search is necessitated.  

Related work in the research literature involves personalized search techniques based on 

user profiling [1], [2]. In these techniques, the users are asked to fill forms describing their 

interests, or they are asked to label their information needs among already built categories 

and taxonomies [3], [4], [5]. Taking into account that most of the users are unwilling to 

provide explicit feedback on either their interests or the returned results (such interaction is 

considered as an additional overhead in the users browsing activity as shown by studies 

conducted in the field of human-computer interaction [6]), the task of automatically 

building user profiles capable of adapting to the users’ interests is quite challenging. To this 

respect many approaches have been proposed and discussed (e.g., [7], [8], [9], [10]), in 

which the user’s interaction with the browser and his/her respective patterns of behaviour 

are implicitly recorded and evaluated. Additionally, search services should adequately 

adapt to the web evolution in a way that new information is indexed as fast as possible, 

dead links are removed and the validity of the results is checked frequently [11], [12], [13]. 

The subject of this study falls into the overall search service provisioning procedure, trying 

to extend pertinent previous work in the literature. Specifically, the aim of this paper is, in 

accordance with efficient Internet search service operation objectives, to propose 

enhancements to the sophistication of the functionality that can be offered by search engine 

services. A meta-search third-party result ranking mechanism is proposed, which is 
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capable of adapting over the continuous changes that occur on the web, providing in 

parallel personalized information with respect to the user’s navigation behaviour. 

Transparency is achieved for both personalisation and web evolution adaptation 

mechanisms, requiring virtually none effort from the user’s part.  

In essence, the proposed meta search engine rates, re-organises and combines the results 

acquired from search services for a specific user request in accordance with a weighted 

combination of a performance related factor (tightly related to the ranking of the web result 

as given by the search engine part) and a reliability related factor (corresponding to the 

user satisfaction stemming from the investigated web result). For the evaluation of the web 

results reliability, a collaborative reputation mechanism is proposed, which helps 

estimating their quality and predicting their future usability, taking into account their past 

performance in consistently satisfying user expectations. The reliability criterion is 

motivated by the fact that there may be different levels of user satisfaction with respect to 

the disseminated content of each web result. In this respect, there may be web results that, 

in principle, do not meet user requirements and preferences. Hence, recording the previous 

experience can easily assist the meta-search engine in deciding how to present to the user 

the results obtained from the search services. User satisfaction evaluation requires for a 

browsing behaviour monitoring mechanism, which records user’s navigation behaviour 

during search sessions in a fully transparent way. Additionally, the performance of each 

search engine with respect to adequately adapting to the web evolution is considered. In 

this perspective, a search engine web evolution rating mechanism is exploited in order to 

reward efficient search services and penalize those that fail to perform effective information 

management.  

The rest of the paper is organized as follows. Section 2 presents the fundamental concepts 

of our proposed third-party results ranking mechanism, aiming to offer an efficient way of 

personalized information resource search and acquisition. In Section 3 the search engine 

web evolution rating mechanism is described in a detailed manner in the context of capture-

recapture experiments used in wildlife biological studies. Section 4 provides the formal 

description and mathematical formulation of the investigated third-party web results 

reliability rating system, while the browsing behaviour monitoring system is given in full 
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detail. In Section 5 the overall ranking mechanism is mathematically formulated. Section 6 

provides a set of results indicative of the performance of our proposed scheme. Finally, in 

Section 7 conclusions are drawn and future plans are given. 

2 FUNDAMENTAL CONSIDERATIONS FOR THE PROPOSED RANKING MECHANISM  

Assuming the presence of M Search Engine Services (SESs) each providing N web results 

(WRs) to the Meta-Search Engine Service (MSES) with respect to a specific user 

information resource request, MSES can combine and present to the user the web results 

acquired in re-organised manner on a basis of a third-party result ranking mechanism. The 

proposed mechanism rates the WRs in accordance with a weighted combination of the 

evaluation of the quality of each SES returned WR and an estimation which takes into 

account whether the user expectations concerning the specific WR raised in the past have 

been met. In our approach the first factor constitutes the performance related factor, while 

the second factor contributing to the overall WR ranking is referred to hereafter as the 

reliability related factor. The performance factor is introduced in order to take into account 

in our model the expected quality of each WR as given by each SES. To this end, the WRs 

ranking returned by each SES is considered. Considering the fact that the precision over the 

first recall level (top-ranked results) as given by each SES may be low, the reliability factor 

is considered in order to reflect whether WRs finally provide to the user the information 

resource that corresponds to his/her personalized requirements, preferences and constraints. 

The WR’s reliability is reduced whenever the WR does not come up to the user 

expectations. 

For the evaluation of the WRs reliability, a collaborative WR reputation mechanism is 

used, which helps estimating WRs quality and predicting the future (expected) usability, 

taking into account their past performance in consistently satisfying user expectations. In 

research literature, reputation mechanisms are employed to provide a “soft” security layer 

(considered to be sufficient for many applications [14]) by establishing trust relationships 

among system participants and/or choosing reliable resources [15], [16], [17], [18], [19], 

[20], [21], [22], [23]. Feedback received from participants related to an entity’s past 

behaviour may be formulated as a reputation measure exploiting learning from experience 

concepts [24], [25], [26], [27]. The reputation related information obtained may be used by 
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the parties in order to adjust their decisions and behaviour. In general, a reputation system 

is considered to sustain rational cooperation and serve as an incentive for good behaviour 

because good players are rewarded by the society, whereas bad players are penalized [14]. 

In this study, a reputation mechanism is exploited in order to collectively determine if a 

specific WR corresponds to user requirements and preferences with respect to a specific 

information resource search request. The reliability criterion is motivated by the fact that 

there may be different levels of user satisfaction with respect to the various WRs. In this 

respect, there may be WRs that, in principle, do not meet user requirements and 

preferences. Hence, recording the previous experience can easily assist the MSES in 

deciding how to present to the user the results obtained from the SESs. In our approach it 

has been assumed that past search behaviour is an indicator of the user’s future behaviour, 

as a basis for user modelling. 

In essence, for the formation of the WRs reliability ratings (and overall ratings) a 

centralized approach has been adopted (i.e., the MSES maintains and updates a collective 

record of the SES WRs reputation ratings, after taking into account each user view on the 

WRs performance). User’s experience on the WRs performance is formed taking into 

account two factors. First, the time spent for his/her exploration as well as the ‘depth’ of the 

search. Time is considered as an important factor in determining user satisfaction upon a 

specific WR, since the more time the user spends exploring a specific result, the more this 

result is possible to be relevant and vice versa. As depth we have considered the number of 

hyperlinks used from the initiation of the search with starting point the SES WR result, 

until the session is closed. Every time the user browses a URL from the provided SES 

WRs, upon the end of the session, a reward function is calculated based on the 

aforementioned features, which is exploited in order to respectively update the WRs 

reliability value. 

The proposed scheme is collaborative in the sense that it considers information acquired 

from various users in order to determine the reliability rating of each WR, enabling thus 

WRs reliability rating formation in a time efficient manner. At this point it should be noted 

that in the context of this study it is assumed that all users posing a specific search request 

for information resources have virtually the same information needs (in other word their 
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profiles match). Additionally, the reliability value of each WR is formed irrespective of the 

SES that provided it. WRs reliability related information is acquired from each user session 

in a fully transparent way, without any interference in the user’s browsing behaviour. 

Specifically, the user’s personalized interaction patterns are monitored within the context of 

his/her sessions with a SES, while MSES results are presented to the user in the form of a 

text paragraph regarding the URL (as most web search engines do) without labelling their 

source, ensuring this way that the user is completely unbiased to a preference that may has 

in a particular SES.  

The highly dynamic nature of the web necessitates effective information management. 

Thus, SESs should adequately adapt to the web evolution by indexing new information as 

quickly as possible and constantly checking the validity of their results (information 

resources do not live for ever or they are moved to another location or they are renamed). In 

general, SESs may demonstrate a different performance level with respect to the 

aforementioned issues. For example, results that no longer exist may be provided (dead 

links, errors 404), active but temporarily unavailable results may be given (web server 

internal errors, bad gateway, service/host unavailability), while new or updated information 

may be incorporated at a different pace by various SESs. This fact is taken into account in 

order to reward efficient SESs and penalize those that fail to perform effective information 

management. To this respect, a SESs Web Evolution Rating Mechanism is utilized in order 

to assign a ranking value to each SES, reflecting its ability to follow the dynamic nature of 

the web. 

A learning period is required in order for the MSES to obtain fundamental information for 

the WRs. In case reliability specific information is not available to the MSES the reliability 

related factor is not considered for the WRs re-organisation. It should be noted that the 

reputation mechanism comes at the cost of keeping reputation related information at the 

MSES and updating it after each user session has taken place.  

3 SEARCH ENGINE SERVICES WEB EVOLUTION RATING MECHANISM 

In accordance with the aforementioned concepts and mechanisms, we take under 

consideration in our proposed scheme, the refreshness ability of third-party search services, 
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or in other words, the ability of each SES to adapt to web evolution incidents by updating 

its indices and catalogues frequent enough. In this section, we describe in full detail the 

proposed SES rating mechanism that monitors how well the used search services adapt to 

the changes that occur on the web. This mechanism is put into the context of capture-

recapture experiments used in wildlife biological studies, where animals are captured, 

marked and finally released on several trapping occasions. If a marked animal is captured 

on a subsequent trapping occasion, it is said to be recaptured. Based on the number of 

marked animals that are recaptured, using statistical models and their estimators, evolution 

sizes (such as the total population, well as the birth rate, the death rate and the survival rate 

of the animals under study) can be estimated. In this paper we use the Robust Design as an 

extension of the Jolly-Seber capture-recapture model [28], [29]. 

3.1  CAPTURE-RECAPTURE EXPERIMENTS: A DESCRIPTION 

In a capture recapture experiment the sampling process is divided into i  primary sampling 

periods, each consisting of j  secondary sampling periods. Between primary periods the 

population is open to births and deaths, while on the other hand, between secondary 

sampling periods no births or deaths occur [30]. In a secondary sampling period a set of 

species is randomly selected according to a specific protocol (described in the following 

subsection), and accordingly marked as selected. The population is then mixed up again, 

and after an explicit time interval the next secondary period occurs, until the end of the last 
thj  secondary sampling period (Figure 1). Secondary samplings are close to time in order 

to assume that the sampled populations are closed. In other words, no losses or gains occur 

during these time intervals and each trapping occasion is also considered as closed. 

Conversely, time intervals between the primary sampling periods should be long enough so 

as evolution incidents can occur. 
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Figure 1. The basic structure of the followed capture recapture method (as described in 

[31]) 

3.2 CAPTURE-RECAPTURE EXPERIMENTS ON THE WEB 

In order to adopt the real-life experiments in our method, we considered the assumptions 

given in [32]. Yet, in our case, third-party WRs are the individuals under study, while the 

population consists of the set of the results provided by the MSES. 

One basic consideration is that each third-party WR, which is present in the population 

(either marked or unmarked) during the time of the thi  sample, has the same probability ip  

of being captured. This means that in the real life experiment the traps are set up for a 

specified amount of time, assuming that all animals have the same probability of being 

trapped. In our case, animal species correspond to different third-party WRs derived from 

different queries and SESs, while traps correspond to our sampling method. Thus, we had 

to ensure that third-party WRs of different queries have the same probability of being 

captured during the sampling procedure. Additionally, every marked third-party WR right 

after the thi  sample must have the same probability of survival iϕ  until the next sampling 

instance. Assuming that marks are not lost and/or ignored, and are virtually instantaneous 

then Equations 1, 2 and 3 define the absolute value of births iB , and the survival rate iϕ  as 

well as the birth rate ib  of the tested population respectively. In these equations iM   is the 
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number of marked third-party WRs in the population at the time where the thi sample is 

collected, im  corresponds to the number of the marked WRs captured in the thi sample, iN  

is the total number of third-party WRs in the population at the time where the thi  sample is 

collected, in  is the total number of WRs captured in the thi sample, iB  stands for the total 

number of new activated results entering the population between the thi and thi )1( +  

samples and still remain in the population at the time thi )1( +  sample is collected and 

finally iR  is the number of the in  WRs that were released after the thi sample. 

iii

i
i RmM

M
+−

= +~
~~ 1φ          (1) 

 

)~(~~~
1 iiiiii RnNNB +−−= + φ        (2) 

 

i
i N

iBb ~
~~

=           (3) 

We must note here that in our paradigm, survival rate ( iϕ ) corresponds to the portion of 

recaptured WRs between subsequent sampling periods, which were not updated (they still 

survive with the same unchanged content), while birth rate ( ib ) corresponds to new WRs, 

which entered the tested population. In other words the bigger and lesser the birth and 

survival rates are the better we consider that the search service adapts to the web evolution.  

According to the aforementioned concepts, the sampling protocol adopted is as follows. 

During the secondary sampling periods the mechanism records the users’ submitted 

queries. The record fields are continuously updated, while its size works according to the 

leaky bucket model in the steady state mode, keeping the last S  queries submitted by the 

users. We then parse the queries, and randomly select some of them under a probability 

value 1p . In the sequel, these queries (approximately Sp *1 ) are submitted to the used web 

search services. The Top-T results (ToT) for each of the M  web search services are 

collected, and the duplicate fields are removed. Then, we randomly select some of these 
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results according to a second probability value 2p , thus allowing to each sampling instance 

to have the same probability of being included in each sample, independently of the 

instances that have already been sampled. This probability value is given by the product 

21 pp ⋅ , satisfying the first fundamental assumption, which requires that each third-party 

result in the population (either marked or unmarked) during the time of a sampling occasion 

i , must have the same probability of being captured ( 21 pppi ⋅= , where ki ,...2,1= ). After 

continuous secondary sampling periods we are able to estimate the survival and the birth 

rates. 

Finally, in order to measure the ability of the tested web search services to adapt in the 

evolution that occur on the web, we defined the WEAS (Web Evolution Adaptation Score) 

as the product of the birth and survival rates between the subsequent primary sampling 

periods (Equation 4). This score is assigned for each SES after the end of the secondary 

sampling periods.  

 1*),( −= iibbWEAS ϕϕ               (4)   

4 WEB RESULTS RELIABILITY RATING SYSTEM FORMULATION 

Concerning the formation of the web result iWR  ( NMi ⋅= ,...,1 ) reliability rating 

)( ipost WRRR , the MSES may rate iWR  after a user session d  has taken place at time dt  in 

accordance with the following equation: 

)]}([)({))(()()( iiipreriprei
t
post WRrrEWRrrWRRRlkWRRRWRRR d −⋅⋅+=  (5) 

where )( ipost WRRR  and )( ipre WRRR  are the web result iWR  reliability based rating after 

and before the updating procedure. It has been assumed that )( ipost WRRR  and 

)( ipre WRRR  lie within the ]1,0[  range, where a value close to 0 indicates a web result that 

does not satisfy the user. )( iWRrr  is a (reward) function reflecting the level of user 

satisfaction at the current session and )]([ iWRrrE  is the mean (expected) value of the 



 11

)( iWRrr  variable. In general, the larger the )( iWRrr  value, the more satisfied is the user 

with the web result iWR , and therefore the more positive the influence on the rating of the 

iWR . Factor rk  ( ]1,0(∈rk ) determines the relative significance of the new outcome with 

respect to the old one. In essence, this value determines the memory of the system. Small 

rk  values mean that the memory of the system is large. However, greater usability will 

gradually improve the web results iWR  reliability ratings. ))(( ipre WRRRl  is a function of 

the iWR  reputation rating )( ipre WRRR  and is introduced in order to keep the iWR  rating 

within the range ]1,0[ . In the current version of this study, 

)](1exp(1[
1

1))(( ipreipre WRRR
e

WRRRl −−⋅
−

= , for which it stands 1))((
0)(

→
→ipre WRRR

ipre WRRRl  

and 0)((
1)(
→

→ipre WRRR
ipre WRRRl . 

It should be noted that web results deterioration of its previous quality leads to a decreased 

post rating value, since the )]}([)({ ii WRrrEWRrr −  quantity is negative. The )( iWRrr  

function may be implemented in several ways. In the context of this study, it was assumed 

without loss of generality that the )( iWRrr  values vary from 0.1 to 1, while it is calculated 

on the basis of two factors: time spent exploring a specific web result iWR  and the 

respective depth of the search. The formulation of the reward function )( iWRrr  is given in 

the following subsection. 

4.1 REWARD FUNCTION FORMULATION (BROWSING BEHAVIOUR MONITORING MECHANISM) 

The proposed personalization algorithm weights the relevancy of the provided web results, 

based on the users’ web search interactions. As mentioned previously, we have assumed 

that past search behaviour is an indicator of the user’s future behaviour. The construction of 

the personalized browsing behaviour is performed in a totally transparent way, while the 

merged WRs are presented without labelling their source. The only feedback the user 

receives is a text paragraph regarding the URL, as most of web search engines do. 

Personalization patterns are recorded and updated continuously according to the WRs 
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visited by the user, the time spent for their exploration as well as the depth link of the 

investigated results. Thus, the user’s profile is also adjusted to any possible changes in 

respect to his/her navigation patterns.  

In order to measure the similarity of a WR in respect to the user’s behaviour, we use two 

probabilistic functions. These functions assign a probability value according to the time the 

user spends for information exploration as well as according to the depth d  of the 

investigated WR, where d  denotes the distance in hops (subsequent hyperlinks) between 

the investigated third-party WR and the link reached when the session is closed. In our 

approach, the time needed for exploring a third-party result is quite important, since the 

more time the user spends for exploring a specific result, the more this result is possible to 

be relevant and vice versa. Thus, the time between following visits during a search session, 

was modelled according to a lognormal distribution. This kind of distribution was selected 

among others, given that this distribution fits with the results made in respect to a large user 

browsing behaviour analysis as described in [33]. As far as the time spent for information 

exploration is concerned, we relied on the same survey [33], where the authors 

experimentally concluded that, on average, users made 2.4 searches (hops) per session. In 

addition, the average search session duration was approximately 2 minutes (1 minutes and 

50 seconds). In a similar study described in [34], the authors noticed that nearly 72% of the 

users spend five minutes at the most during a search session. Taking into account the fact 

that not all users are familiar with a search engine interface, thus, they may spend more 

time in comparison with other users, as well as, in order to avoid misjudges in the scoring 

of the result due to idle activity periods in the user’s work, we selected to monitor the user’s 

browsing behaviour during the first five minutes he/she accesses the web resource. Based 

on the above, the browsing behaviour score (BBS) is provided according to Equation 6. 

∑ ∫
= =

⋅

⋅
==

l

d

T

t
dt

dt
iWR

dtPP

PP
WRrrdtBBS i

1 0
)(

]max[
)(),(      (6) 
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where 
πσθ

σθ

2)(
)(

))2/())/((ln(( 22

−
=

−−

x
exP

mx

d  stands for the lognormal distribution probability 

density function, where 5.0=θ , 1== σm , while ))ln(()(
σ

xxPt Φ=  is the lognormal 

cumulative distribution function, where Φ  is the cumulative distribution function of the 

normal distribution and θ , m , σ  are the location, scale and shape parameters respectively.  

5 WEB RESULTS RANKING MECHANISM FORMULATION 

The target web result iWR  ( NMi ⋅= ,...,1 ) provided by search engine service jSE  

( Mj ,...,1= ) may be rated by the evaluator MSES at time ct  that a user request has to be 

served in accordance with the following formula (Equation 7):  

{ })()()( i
t

ri
t
SEpSEi

t
SE WRRRwWRPRwNWEASWRWPR cc

jj
c

j
⋅+⋅⋅=    (7) 

where )( i
t
SE WRWPR c

j
 denotes the overall rating of the web result iWR  provided by SES 

jSE  at time instance ct .  

As may observed from Equation 7, the rating of the target iWR  is a weighted combination 

of two factors. The first factor contributing to the overall iWR  rating value (i.e., 

)( i
t
SE WRPR c

j
) is based on the performance of the iWR  as given by SES jSE  and forms the 

performance related factor. In a similar manner to the WRs reliability rating value, it has 

been assumed that )( i
t
SE WRPR c

j
 lie within the ]1,0[  range, where a value close to 0 

indicates that the performance of the web result as given by the SES is low.  In the context 

of this study, )( i
t
SE WRPR c

j
 is given by the following expression (Equation 8): 

N
kWRPR i

t
SE
c

j
−=1)(           (8) 
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where k  is the rank level of iWR  as returned to the MSES by SES jSE  at time instance ct  

and N  is the number of WRs provided by jSE . 

The second factor (i.e., )( i
t WRRR c ) depends on user satisfaction stemming from iWR , 

collectively formed considering all user service search requests in the past. In essence, this 

factor constitutes the reliability related factor and is a function of the dt
postRR  as given by 

Equation 5, where dt  denotes the time instance at which iWR  was last time accessed and 

the respective reliability value was accordingly updated. A wide range of functions may be 

defined. We restrict our attention to the polynomial family of functions. Other functions 

could be defined as well. Equation 9 provides a formal model of the polynomial related 

family of functions concerning the )( i
t WRRR c  reliability rating. 

)(])(1[))(()( /1
i

t
post

c

dc
i

t
posti

t WRRR
t

tt
WRRRcrWRRR ddc ⋅

−
−⋅= ϑ    (9) 

where )(( i
t
post WRRRcr d  is the credibility of the iWR  reliability rating )( i

t
post WRRR d given 

by the following Equation 10. 

∑

∑

=

=

⋅

⋅
=

U

U

d
N

u

u
HU

N

u
i

u
HiU

i
t
post

NN

WRNWRN
WRRRcr

1

1
)()(

)((       (10) 

where ∑
=

UN

u
i

u
H WRN

1
)(  is the number of hits iWR  receives considering all user sessions, 

∑
=

UN

u

u
HN

1
 is the total number of hits considering all WRs and all user sessions, )( iU WRN  is 

the number of users that begun a session with iWR ,  and UN  is the total number of users 

using the MSES till time instance dt . It should be noted that, for one user u , )( i
u
H WRN  is 

assumed to be a boolean variable (i.e., }1,0{)( ∈i
u
H WRN ). More than one hits for the same 

WR originating from the same user within the context of a specific MSES request are not 
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taken into account for the calculation of the credibility value of the reliability rating of a 

specific WR (that is a user may access or not a specific web result). For the WR reliability 

evaluation we have used the user session achieving the higher reward function (in 

accordance with Equation 6). 

As may observed from Equation 9, it stands )())(()( i
t
posti

t
post

tt
i

t WRRRWRRRcrWRRR dd

dc

c ⋅→
→

 

and 0)( →
>> dc

c

tt
i

t WRRR . Specifically, the bigger the quantity dc tt −  is, the lower is the 

reliability value considered for the iWR . Equation 9 in essence models the fact that more 

recent user interactions with a specific WR should weigh more in the overall WR ranking 

evaluation. As it may be observed from Equation 9, these families of functions represent an 

infinite number of different members, one for each value of ϑ . Parameter ϑ  has been 

included in order to highlight the different patterns with respect to the adopted rate of 

decrease. For example, adopting a Boulware policy [35] could lead to minor modification 

(decrease) of the reliability rating, until 1→
−

c

dc
t

tt  (i.e., 0→
c

d
t
t

), whenupon, the 

minimum reliability value is assumed. Otherwise, exploiting the Conceder policy [36] 

could lead to the minimum reputation value in quite a short time period (the quantity 

dc tt −  is quite small). 

Weight 
jSENWEAS  is the SES web evolution rating value as given by Equation 4 

normalized so as to lie within ]1,0[  range and is introduced in order to reward SES that 

perform efficient information management, while penalizing those that fail to follow the 

web evolution dynamics. Finally, weights pw  and rw  provide the relative value of the 

anticipated WR performance as given by each SES and the reliability related part. It is 

assumed that weights pw  and rw  are normalized to add up to 1 (i.e., 1=+ rp ww ). It 

should be noted that in certain variants of the problem one of the two factors may be 

ignored. In the following sub-section an illustrative example of the WR re-organization 

process, so as to become comprehensive to the reader. 
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5.1 RE-ORGANIZING THE WEB RESULTS: AN ILLUSTRATIVE EXAMPLE 

During each secondary sampling period, a set of about ToTppS ⋅⋅⋅ 21  web results is 

examined for each of the search engine services considered. On the basis of equation (7), 

the overall rating of each returned result is estimated, taking into account both the 

performance related factor (equation (8)) and the reliability related factor (equations (5)-

(6)-(9)-(10)), while the web evolution adaptation score of each search engine service is 

considered (equation (4)). Assuming that the MSES possesses an accurate picture 

concerning the web results reliability factor (that is after the learning period), a single list of 

merged-results is formed, after combining the returned results, removing duplicate web 

results (in the current version of this study, the ones provided by the most efficient search 

engine service with respect to information management are kept) and re-organizing the web 

results so as the ones with the higher estimated overall rating occupy the first ranking 

positions in the merged-result list. 

Following, an illustrative example is provided, so as the proposed MSES mechanism 

becomes comprehensive to the reader. The individual result ranking positions for the three 

SESs considered (namely Google, MSN, and Yahoo!) are as presented in Table 1 (1st top-

ranked result of Google is G1, 2nd is G2, 1st top-ranked result of MSN is M1, 2nd is M2, 1st 

top-ranked result of Yahoo! is Y1, 2nd is Y2, etc.). After removing duplicate web results, on 

the basis of the acquired WRs overall rating, the MSES returns to the user a combined web 

result list with G3 occupying the first ranking position, followed by M2 in the second 

ranking position, G1 in the third ranking position, etc. 

 
Search Engine Service 

Index 
Google MSN Yahoo! 

MSES 
Combined 
WR List 

1 G1 M1 Y1 G3 
2 G2 M2 Y2 M2 
3 G3 M3 Y3 G1 
4 G4 M4 Y4 Y1 
5 G5 M5 Y5 G2 
6 G6 M6 Y6 M1 
7 G7 M7 Y7 Y2 
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8 G8 M8 Y8 Y3 
… … … … … 

Table 1. MSES Mechanism: Web Result Combined List Formation 

6 PERFORMANCE EVALUATION – EXPERIMENTAL RESULTS 

In order to evaluate our proposed mechanisms, a set of 47 queries (parameter S in the 

sampling protocol description - Section 3.2) regarding dermatology was created by a user 

group consisting of four medical researchers, who had their research focused in this field. 

We wanted to quantify the average precision for the top-50 (parameter ToT in the sampling 

protocol description - Section 3.2) merged third-party results given by =M 3 SESs 

(namely, Google, MSN and Yahoo), over different recall levels using the predefined 47 

queries. The experiments were conducted according to sampling protocol described in 

section 3.2, where the time interval between two following primary sampling periods was 

set equal to 28 days, while the respective time for subsequent secondary sampling periods 

was two days. Time interval between primary sampling periods was set to 28 days due to 

the fact that the capture recapture methodology can easily follow and adapt to the changes 

that occur on the web, if the difference between subsequent sampling periods is above 26 

days [37]. Thus, in order to reduce possible errors, we extended this time-window for two 

additional days (28 days). Four secondary sampling periods were used in the context of the 

experiments performed. In essence, the secondary periods took place at the beginning of the 

first, the third, the fifth and the seventh day after the initiation of each primary one. In other 

words, the time needed for the completion of a primary sampling period was nearly six 

days. The probability values 1p  and 2p  were set equal to 0.3. Thus, during a secondary 

period we selected nearly 14 queries ( 1pS ⋅ =47 queries x 0.3), which in the sequel were 

submitted to the three third-party web search services. A subset of the =ToT 50 returned 

results were randomly selected with probability 2p . Overall, we expected to examine 

nearly 210 results (47 queries x 0.3 x 50 results x 0.3) for each search engine service 

considered during the secondary sampling periods. Probability values 1p  and 2p  are 

actually fine-tuning parameters, and are mainly used in order to generate the population 

under study.  



 18

Our aim is to provide a measure over the overall performance of the proposed MSES for 

the three search engine services used on a six-day basis (the time interval between 

subsequent primary sampling periods). During the learning period, the MSES, having 

removed duplicate web results, provides users with a combined list, without however re-

organizing their respective positions. In essence, the 1st top-ranked result of SES 1 (i.e., 

Google) occupies the first ranking position of the merged list, 1st top-ranked result of SES 2 

(i.e., MSN) occupies the second ranking position, 1st top-ranked result of SES 3 (i.e., 

Yahoo!) occupies the third ranking position, 2nd top-ranked result of SES 1 (Google) 

occupies the fourth ranking position, etc.. Based on users’ personalized browsing behaviour 

monitoring mechanism (equation (6)), the WRs reliability ranking is estimated in 

accordance with equation (5). Additionally, the web evolution adaptation score for each 

SES is formed on the basis of equation (4). Having formed an accurate picture concerning 

the web results reliability factor (that is after the learning period), the MSES forms a single 

list of merged-results, re-organizing the web results so as the ones with the higher estimated 

overall rating on the basis of equation (7) occupy the first ranking positions in the merged-

result list (as illustrated in the previous section). At this point it should be noted that the 

construction of the users’ personalized browsing behaviour as well as the formation of the 

search engine services’ web evolution adaptation score is achieved in a fully transparent 

manner, as the whole procedure was running in the background, without requiring users’ 

interference. For the estimation of the time the users spent for exploring the obtained 

results, we used a software module (client-side agent) that reproduces the Unix timestamp 

(the amount of seconds since January 1 1970 00:00:00 GMT) for each instance when the 

web resource is browsed. Thus, for each visited web result, we calculated the difference 

between subsequent recorded timestamps for each hop during a search session.  

Our proposed WR ranking mechanism performance assessment was made with Precision-

Recall (PR) diagrams, having averaged the respective PR values in a monthly basis from 

June to November of 2007. We observed that the precision over different recall levels for 

the top-fifty returned results was increased for all four users, who submitted the same 47 

queries and examined the returned results over a six-month period (June 2007 to November 

2007). Figures 2 up to 5 illustrate the positive influence of the collaborative third party web 

result rating system for each one of the four users independently, while Figure 6 depicts the 
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averaged PR values for all users and during the same tested period. After the end of the 

assessment and after analyzing the depicted results, we observed a considerable increase in 

the measured precision values over different recall levels (0, 0.1, …, 1.0). 
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Figure 2. Precision-Recall level for User #1 [Jun 07 – Nov07] 
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Figure 3. Precision-Recall level for User #2 [Jun 07 – Nov07] 
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Figure 4. Precision-Recall level for User #3 [Jun 07 – Nov07] 
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Figure 5. Precision-Recall level for User #4 [Jun 07 – Nov07] 
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Figure 6. Averaged Precision-Recall values [Jun 07 – Nov07] 

Table 2 depicts the improvement (in percentage) for all averaged PR values in a monthly 

scale from June up to November of 2007. According to this table, we have an average 

improvement at the levels of 4.44% during the first month (from June to July 2007). In the 

sequel, an additional improvement of 3.64% for the averaged PR values occurs for the time 

interval between August and July of 2007, resulting in an improvement of more than 8% 

(8.24%) for the two month-period between August and June of 2007. Finally, the total 

improvement in the averaged precision values from the initial PR values and the final 

averaged values for all users for the six-month period between June and November of 2007 

reached the levels of 16% (15.85%), indicating that our collaborative WR reliability rating 

system formulation works perfectly in joint use with the browsing behaviour monitoring 

mechanism  and the search engine services web evolution rating mechanism, which 

monitor the user’s browsing behaviour as well as the ability of the third-party search 

services to follow the web evolution dynamics.  It was also noticed that the improvement in 

percentage values between subsequent months (June-July, July-August, August-September, 

September-October and October-November), was decreased over the time. This was a 

desired effect of our proposed scheme, since it proves that our MSES WR rating system 

continuously adapts to the users’ preferences and browsing behaviour.  
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Jun07 Jul07 Aug07 Sep07 Oct07 Nov07
Jun07 4,44 8,24 11,42 13,95 15,85
Jul07 - 3,64 6,68 9,11 10,93
Aug07 - - 2,93 5,27 7,03
Sep07 - - - 2,28 3,98
Oct07 - - - - 1,67
Nov07 - - - - -

% average improvement of Precision over Recall

 

Table 2. Precision improvement between different time intervals (in months) 

7 CONCLUSIONS 

In accordance with efficient web search service operation objectives, the aim of this paper 

is to propose enhancements to the sophistication of the functionality that can be offered by 

search engine services. Specifically, a meta-search third-party web result ranking 

mechanism is proposed, which enables for personalized information acquisition, taking into 

account the user’s preferences, requirements and constraints, implicitly, by monitoring 

his/her navigation behaviour. The proposed mechanism is capable of adapting over the 

continuous changes that occur on the web, rewarding search engines performing effective 

information management, while penalizing those that fail to follow the dynamic nature of 

the web. Transparency is achieved for both personalization and web evolution adaptation 

mechanisms, requiring virtually none effort from the user’s part. 

In essence, the proposed meta search engine rates, re-organises and combines the results 

acquired from search services for a specific user information resource request in accordance 

with a weighted combination of a performance related factor (tightly related to the web 

result ranking as given by the search engine service) and a reliability related factor 

(corresponding to the user satisfaction stemming from the specific web result that he/she 

browses), while the performance of each search engine with respect to adequately adapting 

to the web evolution is taken into account. For the evaluation of the web results reliability, 

a collaborative reputation mechanism is utilized, which helps estimating their quality and 

predicting their future usability, taking into account their past performance in consistently 

satisfying user expectations. Experimental results have been obtained over a six month 

period time (June to November 2007) by using a set of 47 queries regarding dermatology 

created by a group of four medical researchers focused in this field. It was observed that the 
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precision over several recall levels was increased, for all time intervals between subsequent 

months, while our proposed third party web result ranking mechanism, resulted in an 

average improvement of approximately 16% for the whole time period.  

Directions for future work include, but are not limited to the following. First, the realization 

of further wide scale experiments considering user groups with different information needs, 

so as to evaluate the applicability and the response of the framework presented herewith 

and second, the server-side implementation of our proposed mechanism. Finally, we 

consider the implementation of a collaborative web result ranking mechanism with users 

not necessarily having matching profiles concerning their information resources 

preferences and requirements. 
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