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Abstract also multi-agent systems, where personal agents collaborate
with one another to improve the quality of the suggestions.
This approach overcomes the shortcomings of the search en-
gine approach from the personalization point of view. On the
other hand, there are other drawbacks like the low number of
suggestions generated or even the absence of them in the case
of a keyword that has been previously unseen for the personal
assistant agent. Sometimes personal agents require extra ef-
fort from the user, e.g. specifying his/her area of interests or
answering additional questions.

Recommender systems can be also considered as tools for
the effective access to the available information. They can be
classified as content-based, collaborative filtering, or hybrid
systems. Content-based systems produce recommendations
by analyzing the content of previously browsed pages and us-
ing the obtained information to find pages with similar con-
tent. Collaborative filtering systems calculate similarity be-
tween the different users and provide the user with the pages
that have been selected by the similar users. Hybrid recom-
1 Introduction mender systems exploit both approaches to a certain extent.

Although searching the Internet is a day-to-day task for mamrowever, the majority of the recommender systems need user
people, the problem of providing effective access to the infor egqlback and those systems that collect this feed_back in ex-
mation available on-line is still open. Due to the huge numbeplicit form force user to perform some extra work, like rating
of pages on the World Wide Web it is difficult to discover rel- the items.
evant and (or) interesting pages among those provided by a In this paper we preserimplicit, a multi-agent recom-
search engine. Therefore, web search is often a rather tim@ender system. It combines Internet agents and a recom-
consuming task. mender system.Implicit uses a search engine in order to
There exist several approaches aimed at solving the statétPtain a certain number of suggestions for any entered key-
problem. Search engines are a common and prevailing toayord. Personal agents communicate and collaborate in order
for searching the Web. However, they have several shortconi0® produce recommendations more suitable in the context of
ings. For instance, a query can produce a huge quantity dhe current community Thus, we complement search engine
the pages. Another drawback is a lack of personalizationfesults with the recommendations produced by the agents.
namely that sometimes “different users may merit different’his helps us to add personalization without decreasing sig-
answers to the same quefyBori and Witten, 200b The first ~ nificantly the number of the pages. As in many recommender
shortcoming could be alleviated by formulating an appropri-Systems we attempt to learn the user needs from the observa-
ate query for a search engine. Such a reformulation require§ons of his/her behavior.
however, a certain intuition and experience of the user. To This paper differs from the previous work in the field of
overcome the lack of personalization, we see the need of supecommender systems and advances the state of the art in the
porting the user rather than simply responding to a keywordfollowing ways. The system described here is designed to
which is context-free and impersonal. be used within a small organizational community of people,
Another solution is the use of Internet agents to assist the
web browsing. In this field, we find personal assistants that 1Here we do not give any precise definition of themmunity
collect observations of their users’ behavior in order to recive refer to thecommunityin a general sense, a group of people
ommend previously unseen relevant web pages. There exigbrking in the same environment and having common interests.

The number of accessible web pages in Internet in-
creases every day and it becomes more and more
difficult to deal with such a huge source of infor-
mation. In literature many approaches have been
proposed to provide users with high-quality links
extracted from the thousands of irrelevant ones. In
this paper, we presefmplicit, a system that com-
bines recommender system and multi-agent system
approaches and is intended to be used within a com-
munity of people with similar interests. It comple-
ments the results obtained by search engines with
suggestions obtained by means of implicit knowl-
edge of the members of the community. Within the
system, agents interact one another, share knowl-
edge and use similarities among users’ behaviors in
order to increase quality of the recommendations.



N | User interface User 2 an(_j Gi_orgini, ZOQDto produce Sl_Jgg_estions by means of pe-
xiermelpratform ! remliphp culiarities found in the community in which it works. Each
user of the system has a dedicated personal agent whose
task is to assist the user during his/her search and to provide
him/her with the links in response to the entered keyword. For
this purpose agents contact a search engine and produce rec-
ommendations by means of the Systems for Implicit Culture
Support (SICS) module. This module uses implicit knowl-
edge of the community members to find links that are con-
sidered relevant. Hereafter, Ibglevantlinks we mean links
that are relevant to a certain keyword, from the agent’s point
of view. From the user’s point of view, these links point to
the relevant web pages. The framework that produces these
links is universal in a sense that it is also exploited in order to
discover which agents it would be useful to contact to obtain
more relevant links. The general architecture of the system is
represented in Figure 1.

Implicit consists of the client part and the server part. There
is an html/php user interface on the client side. On the server

N R / Javaservlets

e Javaserviets side there are Java servlets and a multi-agent platform imple-
User interface y h"i"n'{zzp mented using JADE (Java Agent Development Framework)
e [Bellifemineet al, 2001. JADE is a framework for develop-

ing multi-agent systems according to FiPgtandards. Here
User 1 User k we present basic terms used in JADE and in our system.

A personal agenis an agent running on the server side that
receives search tasks from its user and then produces recom-
mendations in response to a query. The process of generating
suggestions consists of several parts, implemented as behav-
iors. A behavioris a procedure that implements tasks, or in-
lentions, of an agent. The agent is able to execute each task
in response to different internal and external events. Behav-
iors are logical activity units that can be composed in vari-
ous ways to achieve complex execution patterns and that can
be concurrently executed. #cheduleris an internal agent
component that automatically manages the scheduling of be-
but is not intended for big groups or emergent online commuhaviors and determines which behavior to run now and what
nities. We use the universal filtering framework to produceaction to perform as a consequence.idmoxis a queue of in-
different types of suggestions: links, which are shown to thecoming messages (ACL) from the user and from other agents.
user, and agents IDs, which are used internally to identifyin order to produce recommendations agent usesstsurces
agents to contact. In order to access the information providethat consist obeliefsandcapabilities An agent’s beliefs are
by the system, the user does not need to install ad-hoc plugiribe information available to the agent (e.g. information on
or a new browser, it is just necessary to register and then loadiser actions) and the capabilities are particular functionalities
the system homepage. Moreover, we use implicit feedbackised in the behaviors (e.g. the SICS module). The structure
collection mechanism that requires no additional work fromof the personal agent is represented in Figure 2.
the user. The system structure is rather general in a sense thafThe basic sequence of actions while searching is as fol-
different data mining techniques can be implemented withifows: a user logs into the system and enters a keyword. The
the described framework. The methodology given here, onciterface generates a query message and sends it to the agent.
tested, can be moved to another domain, different from welkVhen the agent receives the query message from the inter-
search (see for instang8ariniet al, 2004). face, it starts Search behavior. Search behavior produces re-

The rest of the paper is structured as follows. Section Zults by means of internal (information about previous user
describes thémplicit system in detail and Section 3 contains searches) and external (communication with the agents) re-
some experimental results on the use of our system. Finaources and these results are shown to the user.

Sections 4 and 5 reviews related work and concludes the pa- The agent’s Search behavior consists of the Google search

Figure 1: The architecture of the systemrsonal agentprocess
queries fromusersand interact with each other to exchange linRECSis a part of the
personal agent that is responsible for the recommendation creation prGoesgeAP|
allows to query Google search engine;A&gent Management System (AMSgrts su-
pervisory control over the platform. It provides agent registration, search, deletion an
other services; Birectory Facilitator (DF) provides agents with other personal agents’
IDs. An Agent Resource Broker (ARBgals with links to the services available on the
other platforms.

per, respectively. behavior and the Platform search behavior, which comprises

the Internal search behavior and the External search behavior.
2 Structure of the System During the Google search behavior the agent process query
In this section we present a detailed descriptionnaplicit. 2FIPA. Foundation for Intelligent Physical Agents.

The system exploits the notion of Implicit CultuBlanzieri  http://www.fipa.org/
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Figure 2: The internal architecture of the personal agegnt executes aehaviorin response to different internal and external eventsscheduler
manages execution of the behaviors. ACL messages received from the user or from other agents arerdiored e resourcesonsisting obeliefs(information available to the
agent) andcapabilities(available functionality) are used to produce suggestions.satisfaction modulselects links to theool using behavior patterns produced by théuctive

modulefrom the observations on executed actions. pluposerselects the best link from the pool.

to Google search engini8rin and Page, 1998&ising Google
Web API. As soon as the agent receives the answer, it shows
the obtained links to the user and starts the Internal search
behavior. In the Internal search the goal of the SICS module
is to generate the http, ftp or resource links based on the past
user actions. All the generated links are stored in the mem-
ory and the External search behavior is started. This behav-
ior also uses the SICS, but the goal of the SICS in this case
is to propose agents to contact. If there are no suggestions
then agent contacts Directory Facilitator. Directory Facilita- AN T
tor (DF) according to the FIPA standards is a special agent .-~
that provides yellow pages service on the agent platform. Ac/ \
tually, in our case, DF simply provides the agent with the IDs' j ,
of other personal agents on the platform. Having filled the *. el /
list of agents to contact, personal agent starts an interaction ~~.__ L7

— it sends a query to every member of the list. When all the Tt

agents are contacted the External search behavior queries n : - ,
agents that were suggested during the search and sqo on. Wh%\e%we 3: The System for Implicit Culture Supportie basic

. architecture for the System for Implicit Culture Support consists of the following three
all suggested agent queries have been answered the systgm ) ) )

. . asic components: tlabservetthat stores in a database (DB) the information about the
shows all the obtained links to the user.

Inductive
Module

Composer

executed user actions in order to make it available for other componenisgtiaive

In the present imp|ementati0n’ the agent performs the thresodulethat analyzes the executed actions in order to discover patterns of user behaviors;
types of search in the following order: first the Google searchthecomposethat produces the links to suggest the user
then the Internal search and finally, the External search.
Agents may also query each other and in this case the re-
spondent does not use the capability of contacting a search The basic architecture for the SICS is shown in Figure 3
engine, because the questioner has this capability too. Agen&nd consists of the following three basic componentsotie
responder runs the Internal search behavior and uses its oveerver modulés the part of the SICS that watches and records
observation history in order to produce links that the user othe actions performed by the user during the use of the sys-
the agent-questioner will probably accept. It also starts théem; theinductive moduleanalyzes the stored observations
External search behavior in order to recommend to the quesnd implements data mining techniques to discover patterns
tioner other agents to contact. The techniques used withim the user behavior; theomposerexploits the information
these two behaviors are the same and are implemented with@ollected by the observer and analyzed by the inductive mod-
the SICS module. ule in order to produce better suggestions to its user or to



other agents. communication. In our example, if the user does not accept
The SICS architecture requires the solution of two learnwww.trenitalia.itthen agentlreceives the message that this
ing problems: a problem of browsing patterns learning (in-link is rejected. One of the benefits of our approach is that
ductive module) and a problem of prediction of links the userfeedback is collected without any effort from the user, such
will accept (composer). The inductive module problem is aas giving ratings to the items or specifying his/her interests.
rather standard learning problem: inducing the behavior pat- It is possible to have some special agents in the platform.
terns of the groups from the observations. The problem is noAlthough each agent encapsulates the ability of contacting the
solved yet. The solution of the composer problem exploits thexternal search engine, it is also possible to use agents called
principles of instance-based learning (namely, memory-basedrappers for transferring the queries to other search engines
or lazy learning). For more general description of these twdike Yahoo! or Vivisimo. The Agent Resource Broker (ARB)
problems see the work of Blanzieri et.[2D04. is the special agent whose main purpose is to provide per-
The structure of the SICS allows the system to find outsonal agents with the links to the services available on other
relevant links from the observations and to discover releplatforms (wrappers for example). The system can use some
vant agents using the same mechanism. The SICS calculategrt of the locally available knowledge, e.g. “yellow pages”
the similarity between the community members in order toreference or bookmarks.
produce suggestions. Therefore, it personalizes user's web
search to a certain extent. For more detailed description 08 EXxperimental Results

the SICS module, we refer the reader to the paper of Blanziei, thjs section we present the experimental results obtained
et. al[2004. o with the proposed platform. We also define the measures

Agents use Agent Communication Language (ACL) andprecision and recall) estimating the quality of the recommen-
standard FIPA protocols for link and agent ID exchange gations produced by the SICS.

There is also a feedback protocol for the exchange of infor- The aim of the experiment is to understand how the inser-
mation about accepted/rejected links. A feedback from ongon of a new member into the community affects the rele-
agent to another is sent as the result of the user browsing bgance, in terms of precision and recall, of the links produced
havior. We illustrate the use of communication prqtocols byby the SICS. We also want to check the hypothesis that after
the following short example. More detailed description of theg certain number of interactions, personal agents will be able
messa-ge paSSIng and communication betWeen agents an tlaq)ropose |inks accepted in previous Searches_
found in[Birukov et al, 2003. _ _ _ In our experiment, interaction between agents and mod-
) For instance, a user searches information abitrain els of users replaces interaction between agents and actual
timetable” and asks his/her personal agepagent Pa-  ysers. A user model contains sequence of search keywords
gent starts the Google search, the Internal and the Exand results about link acceptance. The results are among the
ternal searches.  After the Google search has finfirst m links provided by Google for each keyword and the
ished the user has information about the links (we conrank of the list is adopted as an identifier. The links provided
sider only the first three links for this example) pro- by Google for a certain keyword are reordered very quickly,
vided by Google: www.nationalrail.co.uk/planmyjourney, therefore before the experiment we store the links in a dataset.
www.thetrainline.conand www.railtrack.co.uk The Inter-  During the simulation we use the dataset instead of contact-
nal search is then started in which the SICS module usegg Google. User profile is a set of probabilities of choosing
data mining techniques to select agents that performed sing specified link for a specified keyword. The profile is built
ilar actions and then selects the link accepted for the keyusingn keywordsk;, ks, ..., k, and determining the prob-
word “train timetable” by the agent with the highest simi- abilities p(j|k;) of choosing thej-th link, j € {1,...,m}
larity. During the External search behavior the SICS modulgyhile Searching with the-th keyword_ We assume that the
selects agents that performed similar actions and chooses @8er accepts one and only one link during search for the key-
agent likely to propose a link that will be accepted by the mo .
user. Let us suppose that SICS suggested thewinkv.fs-  Word i, so -21 (4|ki) = 1. The user profile can be seen as
on-line.itduring 'the Internal search and another agent to con; set of assjaciation rules with a probability of acceptance of
tact, agentl during the Exte_rnal search. The personal agen certain link for a given keyword search. In our experiment
sends a request mgentlusing FIPA Iterated Contract Net the number of keywords is equal to 10, the number of the
Protocol. Agentlreceives the request fropag_entand USES jinks provided by Googley: is equal to 10, the user profile is
its SICS module in order to produce suggestions. Let us Cor}'epresented in Table 1
sider that the Internal search behavioagéntlproduced the We use the foIIowing. performance-related notions in order
link www.trenitalia.itselected from the links accepted by the to evaluate the li .

. . ; quality of the suggestions:
agentls user in the past. As a resuftagentreceives the link o : i
www.trenitalia.itand shows it to the user. If the user accepts ® Linkis considered to beelevantto a particular keyword
the link www.trenitalia.itthen pagentstores the information if the probability of its acceptance, as specified in the
that this link has been accepted and sends this information ~ USer profile, is greater than some pre-defined relevance
(using feedback protocol) tagentlbecause it providega- threshold.
gentwith www.trenitalia.it When the user leavémplicit or e Precisionis the ratio of the number of relevant links sug-
starts a new search all the unaccepted links are considered gested to the total number of irrelevant and relevant links
rejected and all the agents involved in the dialog receive the  suggested.



precision
Table 1: Basic prOfI|e.The probabilities of acceptance links for a set of

keywords. Links are numbered.10. 0.74 — 1~Personal-agent 2
Google rank of the link 0.72 — 2--All-the-agents
keyword 1 2 3 4 5 6 7 8 9 10 :

tourism | 0O 0 005 04 005 02 01 005 01 005 0.7
football | 0.05 0O 01 03 03 01 01 005 O 0 (.68
java | 035 03 005 005 005 005 005 0.1 0 :
oracle | 0.1 0.1 045 0.2 0 0.05 0.05 0 0 005 0.66—
weather | 0 0.3 0 0 0.5 0 0 01 01 0 0.64 —
cars| 0 0 005 04 005 02 01 005 01 005 -
dogs | 005 0O 01 03 03 01 01 005 O N
music | 035 03 005 005 005 005 005 0.1 0 0 1 2 3 4 5 agents
maps | 01 01 045 02 0 0.05 0.05 0 0 005
games| O 0.3 0 0 0.5 0 0 01 01

Figure 4: Average precision of 25 simulations with different

. . . number of agents.
e Recallis the ratio of the number of relevant links pro-

posed to the total number of relevant links. recall

We compute recall in a slightly different way. The total .24
number of relevant links is adjusted by adding a number of 0.22 —
relevant links proposed by the agents to a number of relevant 0.2 —
links presented in the user profile. We do it despite the fact 0-18 —
that in reality the links from the agents already exist in the "> |

: L i X 0.14 —
user profile, because in this way model of interactions be- 7,
comes more similar to a real-life situation, where users (and (| _|
their agents as well) have different collections of links. How- .08 | | | | :
ever, with such an interpretation of recall, the quality of sys- 1 9 3 4 5 Nagents
tem suggestions is underestimated.

Assuming that all the users are members of the same COMrigure 5: Average recall of 25 simulations with different
munity and have similar interests, the profile for each user IS umber of agents
derived from the basic profile given in Table 1. In order to '
make the users different, we add noise uniformly distributed
in [0.00,...,0.05] to each entry of the profile. Then we renor-recall.
malize entries in order to keep the sum of each row equal to From these figures we can note that the increase of com-
one. Following this procedure we generate five different promunity members causes the increase of the agents’ recall. It
files. is probably conditioned by the fact that when we have more

From our set of 10 keywords for each agent we generatagents we also have more interactions between them. The
25 sequences of 25 keywords by extraction with repetitionagents provide each other with only one link. The growth of
Each sequence is used for a search session modelling the usiee number of links provided by the agents during the search
query behavior. We also need to model the user acceptancesults in an increase of the percentage of relevant links pro-
behavior. Given a keyword in the sequence of keywords, aposed by the agents and causes an increase of recall. More-
accepted result is generated randomly according to the distrever, the increase of recall appears without a decrease of pre-
bution specified in the profile. Other links obtained from thecision and the precision keeps on a rather high level — from
agents are marked as rejected. 0.63 to 0.75. The value of recall is also rather good and

In a simulation we run 25 search sessions for each agent ichanges from 0.09 to 0.23. Because we limit ourselves to the
the platform. At the end of each session the observation datsmall number of agents, the growing number of interactions
were deleted. The search sessions were repeated several tindees not really influence the characteristics. We also studied
in order to control the effect of the order of the keywords andthe statistical significance of the difference between agents
link acceptance. We run five simulations for 1,2,3,4 and 5with the same profile and in different simulations. We per-
agents. With one agent in the platform, the agent acts alonfermed¢-Tests with Bonferroni correction, namely dividing
without interactions with the others. With five agents there isp-value by the number of tests we have performed, in order
a small community where agents interact with each other. W&o control type | error. These tests prove that the average re-
set the relevance threshold used to determine the relevanceaidll for 4 and 5 agents is consistently better< 0.01) than
links equal to 0.1. the average recall of the simulations with smaller number of

We compute precision and recall of the links proposed byagents. The results also prove the hypothesis that after a cer-
the agents. In Figure 4, line 1 represents precision of théain number of interactions, agents are able to propose links
links produced by the personal agent only. The SICS modulbased on the past user actions.
incorporated in the agent produces these links by analyzing In other words the obtained results prove that our method
stored observations. Line 2 represents precision of the linkef complementing search engine with recommendations, pro-
proposed by all the agents including the personal one. Thduced as a result of collaboration, makes sense and allows a
agents were discovered at the External search stage or protore qualitative web search.
vided by the DF. In Figure 5 we have analogous curves for For the moment we did not run yet any experiment for

1---Personal-agent 9
2---All-the-agents

1




a number of agents bigger than five. Therefore this papeet al, 2004 describe application of Implicit Culture ideas
contains only preliminary experimental results. We supposeto support the work of biologists in their laboratories. Yet
though we can not strongly claim that after a number ofanother difference is that profiles Implicit are not stored
agents reaches a certain level, the increase of the commaemewhere explicitly, but are spread around the agents and
nity members causes only a moderate increment of the pethere is no explicit items ranking.

formance characteristics. Freyne et. a[Freyneet al, 2004 describe I-SPY meta-
search engine that re-rank search results by taking into ac-

4 Related Work count previous searches of the similar users. The system
architecture differs from the architecture lofiplicit signifi-

In this section we briefly discuss related work. cantly, but the goals and the techniques are very similar. The

A market-based recommender system is presented by Wengine uses adapters in order to query several external search
et. al[200d. It is a multi-agent system where agent actsengines. These queries then pass through the component that
on behalf of its user and sells the slidebar space where rece-rank search results according to the hit matrix of previ-
ommendations can be displayed. Other agents participate wus searches. The system tends to capture preferences of the
this auction in order to show their links on this slidebar. Theusers and therefore adapts to the community where it is de-
agent-initiator of the auction chooses the most profitable ofployed. While I-SPY has fully centralized architectuhe-
fers and displays them to the user. Providers of the links acplicit is technically centralized, but conceptually it is distrib-
cepted by the user receive reward. Agents adopt multiple hetited due to the fact that profiles are spread around the agents.
erogeneous recommendation methods and try to make bettiruses collaboration between the agents to improve results.
suggestions in order to increase their profit. The paper fowe also focus more on an organizational community rather
cuses more on the dynamic market behavior than on the rethan on an emergent or online one.
ommendation quality evaluation. A collaborative multi-agent web mining system “Collab-

A multi-agent recommender system is considered by Yworative Spiders” is given by Chau et. E2003. There
and Singh[2004. MARS is a referral system for knowledge are different types of agents responsible for retrieving web
management that assigns software agent to each user. Thages, performing post-retrieval analysis, interacting with
agents interact in order to produce answers to the queries ofsers, sharing information about user search sessions, per-
their users. The agents are also able to give each other réarming profile matching and carrying out retrieval and analy-
ferrals to other users. There is a complex model of interacsis tasks according to a schedule. Before a search the user has
tions in the system in a sense that it is important from whato specify the area of the interests and privacy or publicity
the query comes — there could be a different set of actionsf the search. One of the sufficient differences between this
for the different agents. The system uses pre-determined osystem andmplicit is that the user should analyze excessive
tologies, shared among all the agents, to facilitate knowledgeutput looking through a number of similar already finished
sharing between them, while we emphasize the implicit supsearch sessions.
port of knowledge by managing documents, links and refer- Zhu et. al[2004 present WebICLite - a recommender
ences to people. Differently from our system, the agents dgystem that uses behavior models to predict relevant web
not answer all questions but only those related to their owrpages. They conceptualize web browsing as a search for a
user interests. The paper is focused more on knowledge (ispecific well-defined information need and make assumption
general) search rather than on web search. Finally, the sy#hat this need can be identified from the pages visited by the
tem is mail-based whilémplicit is a web-based system that user and from the actions that he/she performs on the pages.
adopts FIPA standards and JADE platform. Several specific algorithms for identifying information-need-

Balabanow and Shoham present a recommender systerrevealing patterns are considered and compared. The algo-
Fab[Balabanovi and Shoham, 199That combines collabo- rithms are used in order to turn the inferences about the user
rative and content-based filtering techniques. Personal selettfformation needs into the queries for a standard search en-
tion agents analyze content of browsed web-pages and cogine which does the actual retrieval of recommended pages.
responding user ratings in order to maintain users profilesThe system is browser-integrated and reformulates a query
Obtained profiles are compared using collaborative filteringpf the user without any collaboration and communication be-
algorithms and previously unseen items are recommendetiveen different users.

Oppositely to using implicit feedback, the authors of this pa- Macedo et. a[2003 apply a recommender system ap-
per use explicit ratings, what requires a user to spend somgroach to assist and to augment the natural social process
time after browsing. Agents in Fab are divided into collec-of asking for recommendations from other people. Web-
tion agents, who proactively gather pages relevant to a nunMemex is a system that provides recommendations based on
ber of topics, and selection agents, who are dealing with disthe browsing history of the people well-known to the users.
carding already browsed pages from the batch of the reconiFo obtain the list of such users, a contact list from Yahoo Mes-
mendations. The difference between Fab bmdlicit is that  senger is used. The system allows the user to keep privacy of
our system filters not only links, but also agents. The frameweb search by hiding his/her browsing for a certain time. The
work we present is more general in a sense that different dat@commendations generated within the system are based on
mining algorithms can be implemented in order to producethe links between the related documents visited by the users.
recommendations. The ideas described in this paper can l&gn the server side there are no agents, but components that
deployed within different domains, e.g. Sarini et.[8&rini  capture user behavior and generate recommendations.



5 Conclusion and Future Work

In this paper we have presented an agent-based recommende

system that extracts implicit knowledge from user browsing

behavior. The knowledge is necessary to suggest links or

[Brin and Page, 1998Sergey Brin and Lawrence Page. The
;anatomy of a large-scale hypertextual Web search engine.

Computer Networks and ISDN SysteB®(1-7):107-117,
1998.

agents to a group of people and to their personal agents. PdEhauet al, 2003 Michael Chau, Daniel Zeng, Hsinchun

sonal agents use universal mechanism to produce suggestionsChen, Michael Huang, and David Hendriawan.

Design

about links and agents IDs. Learning capabilities are used by and evaluation of a multi-agent collaborative web mining
agents to produce results even without an interaction. Inter- system.Decision Support Systen®5(1):167-183, 2003.
actions allow a user to use the already acquired experience ﬂfreyneet al, 2004 Jill Freyne, Barry Smyth, Maurice
the members of his/her community. This increases the quality Coyle, Evelyn Balfe, and Peter Briggs. Further experi-
of the search. The process of collecting feedback and produc- ments on collaborative ranking in community-based web
ing recommendations is completely hidden from the user and ggarch. Artificial Intelligence Review21(3-4):229-252,

therefore does not require any kind of extra work from the
user.

2004.

Implicit can be modified in several ways. It could be en-[Gori and Witten, 2006 Marco Gori and lan Witten. The

hanced with the capability of analyzing content of visited

bubble of web visibility. Communications of the ACM

web pages. In this way it would combine content-based and 48(3):115-117, 2005.
collaborative approaches. Classification of the users on “exftMacedoet al, 2003 Alessandra Alaniz Macedo, Khai N.

perts” and “novices” could also be implemented in order to

take into account information about the author of the recom-

mendation.

Truong, Jose Antonio Camacho-Guerrero, and Maria
da Graca Pimentel. Automatically sharing web experi-
ences through a hyperdocument recommender system. In

We use rather simple user model in this paper in order to HYPERTEXT '03: Proceedings of the fourteenth ACM
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