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Abstract: Problem statement: Recommender Systems (RS) have become a widelyrchsebarea as

it is extensively used in web usage mining and Ewoerce platformsApproach: There were a
number of recommender systems available to sudbesiveb pages for the web useResults: A
recommender system acted as an intelligent inteemedhat automatically generates and predicts
information and web pages, which suit the userlab®r and users’ needSonclusion: The various
recommender models and analyzing the key featuréBose models and analyzing the features of
portal sites that employ recommender systems to thel research community are the key features of
this study and survey.
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INTRODUCTION of the first study on collaborative filtering. Moxeork
has been done in industry, e-commerce and academia

The challenge of finding the needed informationon developing new approaches and models for
from the web has led to the development of a nurober recommender systems over the last decade. Thestter
recommender systems, which typically watch the useand importance in this area still remain very high
navigation behavior as a sequence of pages aneésiuggbecause it constitutes a problem rich research. area
another set of web pages, products and otheMany tools help users to deal with information dwad
information besides the actual information. Witke th and provide personalized recommendations and
exponential growth of the web, the study of modglin contents. Web usage Mining techniques are used to
and predicting a user’'s access on the web has hecordiscover web user profiles and to extract frequent
crucial to the researchers and portal developers. access patterns from the history of the user click-

E-Commerce sites suggest products to theistreams stored in web log files, which can alsau$exd
customers by using Recommender systemsfor recommender systems (Nasraceti al., 2008).
Recommended products can be based on the topssellggiven this backdrop, this study analyzes a set of
on a web site, based on the demographics of theecommender systems that span the range of differen
customer or the analysis of the past buying behadfio applications and models.
the customer as a prediction for future buying béira
(Schaferet al., 1999). Broadly, these techniques areRecommendation approaches. One of the most
part of personalization on a site. Lehal. (2004) is a frequently used representations of recommendation
recommender system that helps travel agents itasks is Collaborative FilterindCF), essentially a
discovering options for customers, especially thoke  nearest-neighbor method applied to a rating matrix.
do not know where to go and what to do. TextualCollaborative filtering perfectly implements thesa of
messages transferred between the travel agenthand tword-of-mouth promotion, in which the opinions of
customers through the private Web chat was analyzefiliends and benchmarking reports could influence
by the system and recommends tourism informationpredominantly the buying decision. The first
Many on-line stores provide recommendation servicespplications of recommender technologies were the
for promoting the business are considered. personalized recommendation of news and Web sites;

The research on recommender systems has startéue former application is often based on collabeeat
as important field as early as 1990 with the apgreae  filtering and the latter is based on content-based
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filtering. Content-based filtering uses featurestes  content-based approach or the user's social emugnn

the user liked in the past to infer new recommendat  using the collaborative filtering approach. For rexde

Unlike collaborative approaches, content-basedriiiy = CF to mobile settings using physical co-presencéhas

can't provide serendipitous recommendations. kasl basis for measuring user similarity (De Spindiesl.,

and recommends all products on the basis of puirafas 2008).

information available from the current user. In this study some such recommender systems
In both collaborative and content-based filtering,surveyed and the implemented models, techniques hav

user profiles are long-term models. These appr@&chédeen studied and presented.

don't exploit deep knowledge about the product doma

and both are excellent for supporting the MATERIALSAND METHODS

recommendation of simple products such as books or

movies. A major strength of these approaches tsriha . ]
additional knowledge acquisition efforts are neaggs Click-stréam: Gunduz and Ozs|§2003) proposed a

if historical data is available (O'Donovan and Shyt N€W model based on click-stream tree representafion
2005). user behavior. The model considers the order of

information pages in a session. The user sessians a

In recent years, researchers have proposed mo oS :
y brop ustered based on the similarity of the user sessi

complex statistical models for recommender system h _ ved f :

that improve recommendation quality, for example, en a request Is received from an active user, a
Bayesian networks with a hidden class Variable,recommendanon set consisting of_three dlffererggpa
compound classification models (Bogteal., 2006) and that the user has not yet .V'S'ted’ IS proposedgu’gha
Relational Markov Models (Andersoet al., 2002). best matching user sessions. The best matching user

Some have tried hybridization strategies that combi Session |s.f0und by. e_xplprmg the top n C'“Ste'?“ﬂ th
collaborative  and  content-based information, N@ve the highest n similarity values computed usimeg

Meanwhile, others have worked on attribute-award 'St WO request qf the active user session. s of .
recommender models that try to take co-user andhe recommend_atlons for the same active user sessio
product information into account in parallel (Lehal., are made by using the top n clusters. The novéityie

2004. Customers purchasing complex products such proach I|es_ in the :jne:]hodlof co_mpu'usng the SW?
financial services, computers, or digital camerasd of user se_ssul;ns ‘Zn t chuEtSeKng. ession ﬁ'.m'a
both information and intelligent interaction mecisams measure Is based on Fast sequence alignment
that support the selection of appropriate solutics; method. The clustering of user sessions reduces the
an explicit representation of product, marketingl an S€arch space and each cluster is represented lipka ¢
sales knowledge are necessary. Knowledge-base?rea_m tree. The mode_l recommends three pages when
approaches use this type of representation (&rall., the time of the_ last V'S'ted. page of the activeruse
2006; Haruechaiyasakt al., 2004; Baragliaet al., sessions are given. The click-stream tree enaldes t

2006). Such deep knowledge lets these recommendjﬂ’sert the entire session of t_he user with out any
systems. information loss. They considered the problem of

modeling the behavior of a web user during a single

Study on recommender engines. Recommender visit to the web site.

systems have proven to be effective at deliverhmg t

user a more intelligent and proactive informationConcept hierarchy: Bose et al. (2006) proposed
service by making concrete product or serviceanother model that effectively combines usage
recommendations that are sympathetic to their &hrn information with information from the conceptual
preference and needs by combining ideas from usestructure of the web site to generate recommenustio
profiling, information filtering and machine leangy It is important to note that the hierarchy of pagésn
(O’Donovan and Smyth, 2005). Recommender systemidividual web site is considered, not deal with a
form a specific type of filtering technique thatempts  hierarchy of the entire web. The prediction modgl i
to present information items, products or servideg  using click-stream trees. Each node in the treesistm
are likely of interest to the user. Typically, a of page identifier, time spent and a counter fes&ms
recommender system compares the user's profile taversed in each node. Users session is matched
some reference characteristics and seeks to prindict against the sessions in the clusters and recomrienda
rating, that a user would give to an item, prodwmts score is assigned to each such match.
services they have not yet considered. Thes&®ecommendations are given based on the highest scor
characteristics may be from the information itehg t to the user.
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With time impact coefficient: Krol et al. (2006) undirected graph from which recommendations were
proposed two generic recommender mechanismsnade. A triangular adjacency matrix is used toestbe
implemented in cadastre internet information systemknowledge base. When a session starts on cliets si
List of last queries submitted by the user and dist the sSuggest plug in asks the server for page clusters
page profiles recommended to a user are the twextracted from the knowledge base. The plug in $old
systems proposed. The page recommendation is bas#te user session and creates the suggestionsfasér.

on the concept of the page profile which represtrgs

system option, type of retrieval mechanisms andckea ICPF: Zhu et al. (2003) describes an effective
criteria. The rank values for the page profiles arecomplete-web recommender system. Information
calculated based on the usage frequency and the tintontent pages ICPF, This system is in client siu it
impact coefficient. Rank valug(p;) of a page profilejp is not specific to a single website but can pos#ra to

used by user u is calculated in the following way: pages anywhere in the web. The goal of this appreac
to recommend only “Information Content” (IC) pages;
& d i.e., pages that are essential to the user's task.

)= Y (p)*A-— : L
r”(p’) dZ::; wa (P)( Du) determine this, first a set of annotated web logsew
collected, from which the learning algorithm leairie

where, f4(p) is the usage frequency of page profile p characte_rize the IC-page asso_ciat_ed with the pages
by u and d days back before the day of rank caiomia any partial sub sessions contribution. IC-pagestlier
The recommended page is selected by the user frem tUSers are estimates from the current click-strézased

list facilitates and the search. on properties of the words that appear, that ighéf
word w appears in at least 2 recent pages and eaapp
Web recommender Sygem: Haruechaiyasak teal. in a Snippet that was fO”OWed, then w will tend to

(2004) proposed a new framework based on dat@Ppear in IC-pages. This rule assert the IC-word an
mining algorithms, combines both content-based andCPF compute the browsing properties for esseofial
collaborative filtering methods. Content-basecefing ~ all the words that appear in any of the pages ars t
integrates both textual analysis and the usefmodel is used to predict the users current infoionat
personalization ~during recommendation processneed. _ _ _
collaborative filtering is based on the method drfiing AIE is used as a client-side tool for collectirhg t
user access patterns. This approach has a betf@ining data, which allows the user to explicitly
potential of reducing the user access time on thb w indicate which pages were IC-pages for the specific
site compared to the existing Markov model approachcurrent task. ICPF system needs client-side inftiona
The response time of this system is very high. Thidn the form of annotated web-logs, the sequenceetf
proposed framework is applied to construct a systerRages that users have visited. The pages are sspara
prototype for recommending the University of Miasni’ into @ sequence of “IC-sessions” and ends withCan
web pages and automatically generates recommend@gges or the end of the users entire session.

list of web pages based on users preferences. )
Recommendation method for LTV: Iwataet al. (2008)

aSuggest: Baragliaet al. (2006) contributed a privacy present a novel recommendation method that maxémize
enhanced RS=zSuggest, that allows for creating the probability of the Lifetime Value (LTV) for the
serendipity recommendations with out breaching sisercustomers. The method finds frequent purchaserpatte
privacy. The system that helps users to navigatamong high LTV users and recommends items for a new
through the web by providing dynamically generateduser that simulate the found patterns (Iveatal., 2008).

links to pages that have not yet been visited ardo& Survival analysis techniques were used and
potential interest. The architecturenBuggest is based efficiently find the patterns from the log data.dds

on a two tier structure. One of them is the browater interests are inferred from the purchase historg an
the client-side. The other tier is based on areimemtal based on the interests the effective recommendation
personalization procedure, tightly coupled with thewere generated. To estimate users interest, the
Web server. Its knowledge base is incrementallymaximum entropy models was used. To increase LTV,
updated by monitoring usage data and then notified online stores providing measured services and
the client, which will be able to use it to persime@aon-  encourage users to purchase many items. On the othe
the-fly the requested HTML page, by appending & lishand, online stores providing subscription servitesd

of page links. This system does not maintain anyo encourage users to extend their subscriptioioger
database, it needs to maintain a data structureaine Therefore, online stores should recommend itemsgusi
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different strategies depending on measured or Netflix.com is another online DVD rental service
subscription services and the authors proposedrdiit ~ site which maintains an extensive personalizedoside
recommendation methods for each of them. The methodecommendation system based on ratings and reviews
recommends item § that maximizes P (lju,s), which iby its customers, similar to the system used by
the probability of improving the LTV of user u when Amazon.com, Netflix uses RS to suggest moviesgo it
item s is recommended, as follows: 10 million-plus customers and they challenged the
developers communities to beat the accuracy of thei
RS (Monroe, 2009; Ampazis, 2008). In Table 1 it is
attempted to summarize the business applications,
recommendation technology, interfaces and findings

S = argmaxP(l|u,s
sJS

Where: that is how the users find recommendations fotthal
s = A set of items example and applications.

| = The improvement of the LTV

S = The recommended item Survey of the recommender engines and techniques:

The Recommended methods described in this study,
are good in several applications, including thesofoe
real estate cadastre web site RS (Keplal., 2006),
social network Mobile setting (De Spindlet al.,
2008), recommending books (Kawashoehal., 2006),
news articles, pages in NASA and Clark net sites
(Gunduz and Ozsu, 2003), web server logs of an
Implementation of recommended systems in web:  college, tourism (Lotet al., 2004) movies (Ampazis,
The RS compares the collected data to simila2008), health care system and other items discuissed
information collected from others and calculateis  this study, Implementation of RS in Web. All the
of recommended items for the user. Commercial andusinesses described in implementation of RS in Web
non-commercial examples are identified in thiglgt and (Gunduz and Ozsu, 2003; Kawashatral., 2006)
Recommender systems are a potential alternative toere based on the model, collaborative filtering.
search algorithms. Since RS help users discovarsite =~ Recommendation interface and findings are we t
that they might not have found by themselves.more criteria’'s considered for this survey. Througé
Interestingly enough, recommender systems are ofte@xamples of recommender system, we have identified
implemented using search engines indexing nondifferent methods for finding recommendations eath
traditional data (Wikipedia, 2009a). Here we présenwhich may provide access to more than one
some of the businesses that utilize recommendégrays recommendation interface and/or technology. Inifigd
technology in their web sites (Wikipedia, 2009b) Selection option process, the customers must icttera
Amazon.com allows users to submit reviews to thewith the system in order to receive the
web page of each product. As part of their reviesgrs recommendations. The Predefined options are the bas
must rate the products. Rating Scale was givernén t for their recommendations. For example Amazon.com
site that is from one to five stars. ChoiceStréamne has more predefined choices.
of the sites that offer pay for performance marigpti In Table 2 it is attempted to summarize the fesgur
services. Collarity is a privately funded web seesi of recommendation technology. The models and
that provide a recommendation system, social searci@chnology used and proposed, view of data/maia, dat
and online advertising services for web publishersrepresentation of data, methods used, the applicati
Digg-a social news website, eBay.com, an onlinecategories and algorithms used are consideredhfor t
auction and shopping website, Heeii, IMDb, Last.fm,feature analysis. The RS described in study on
LibraryThing, StumbleUpon, Amie Street-an online Recommender Engines is summarized in Table 2 that
music store and social network service, iLike-atire  can be extended to the capabilities of RS (Adoniasic
service site allows users to download and shardcmus and Tuzhith, 2005), that includes understanding of
iTunes-a proprietary digital media player applioati users and items, model-based recommendation
used for playing and organizing digital music aidee  techniques, multidimensional views of
files and Musicmatch are some other E-commeres sit recommendations, multi  criteria  ratings, non-
that provide recommendations using collaborativeintrusiveness, flexibility, effectiveness, trustwoness,
filtering (Wikipedia, 2009a; 2009b) scalability and privacy issues of RS.
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Table 1: Recommendation features implemented itajsor

Model based recommended Recommendation
Applications techniques used interface Finding Reoendations
Amazon.COM Collaborative filtering Rating Scale &gion options organic navigation
BAYNOTE Active filtering, passive filtering Nonintisive Based on previous visitors with similar iet#s in
similar contexts
ChoiceStream Collaborative filtering cohort anadysiAutomated and personalized rating Off base stiggssusing multiple correlation tables
Collarity Collaborative filtering Nonintrusive imigit Based on information value hierarchy
Digg Collaborative filtering Nonintrusive implicit Voting basis
eBay INC. Passive filtering Implicit behavior cent based Organic Navigation
Heeii Passive filtering CF Nonintrusive Based amaof implicit behavior
IMDb- internet CF Rating scale intrusive Explicdtings
movie database
LAST.FM CF Explicit feedback intrusive Based on Rilgtiteria ratings
LibraryThing Collaborative filtering Implicit knoweldge Based on catalog with similar data
Strands, INC. Collaborative filtering History ofhar members, Find other members with similar tastéiseir own
intrusiveness
Netfix CF Intrusive real ratings Based on Explreitings
StumbleUpon Collaborative filtering Multi criteriatings Explicit rating
Table 2:Recommendation system feature chart
Recommender Model, technology View of data/
systems used and proposed main data RepresentatioiMethod Application categories Algorithms used
1 Two-dimensional Server logs NASA and Graph eltleam FastLSA sequence Calculating the simjlafBuild click-stream tree
sequential model Clark net web server tree algmrmethod of user sessions, identical algoritfima, hest path
pages and time spent on  algorithm
pages, graph based
clustering
2 Concept hierarchy, Session similarity Click-sinea Sequence alignment  Similarity score, sessionsto@luistering algorithm
prediction model using  Matrix, web tree graph @ptaware are clustered, click based on graphtipaitig
click-stream tree, server logs similarity model  tream sessions build click stream tree
similarity model method
3 Search criteria and Log of submitted Rank value Page profile Page profiles Query criteria, raalue,
option tree with queries, log of pages recommedrto the user, page profile recommendation
search forms recommended pages list facilitates@arch
4 Combines collaborative URL'’s, log records, Pagelarity Association rule Integrates textuakdysis SQL queries, association
filtering and content Crawling and in the keywsrd mining and user personalization, rules
based utilizes data parsing textual and Unitereeb site
mining techniques hyperlink contents. focused
5 Classification Triangular adjacency  Undirecteaipdp = suggest, a User ratings considered,  Incrementalestied
matrix privacy enhanced two tier system workhb@omponents algorithm
recommender system in server and client side
6 Naive Bays (NB) Set of annotated web  Informafiages Sequential attributes, Not for a single site  AIE Browser (Annotation
classifier logs, IC labels in each search query an moint users to pages  Internet Explorer) ICSI
page anywhere in the web
7 Maximum entropy Log data, user - Survivahlsis Probability (Q, R, NO User behavior in a mwad
model for estimate purchase history recommend) service and subscription
user’s interest, life service

time value, frequency
model, collaborative
filtering

Most of the recommender systems produce ratingapproximation theory, Memory-based and model based
that are based on a limited understanding of tleesus CF algorithms predict recommendation value based on
The RS methods produce ratings that are basedeon tthe rating matrix (Set al., 2007; Zhuet al., 2005;
understanding of the users and items as capturéddeby Shaiet al., 2005) also contribute to developing better
user and item profiles. The methods take full atkge rating estimation methods and machine learning
of the information in the user’'s transactional tilds = models. For example MDP is a model for sequential
and other available data. Classical collaborativestochastic decision problem (Shat al., 2005).
filtering methods use the user and item profiles fo Drachsler et al. (2008) Proposed memory-based
recommendation purpose and rely exclusively on theecommender system techniques.
rating information to make recommendations. Recommender systems are proposed to work in

Using various statistical and machine learningmultidimensional settings. Two dimensional useemt
techniques, some of the model-based approachespace were used in earlier RS. That is the
provide rigorous rating estimations. Other areas ofecommendations were made based only on the uder an
mathematics and computer science, like mathematicalem information and do not take into consideratibe
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additional contextual information. Some of thesystem. RS also underlines many less overtly
applications may be critical because the utilitaafertain - commercial sites, such as those providing music or
product to a user may depend on time (lveatl., 2008; news. But in each case a recommender system tries t
Petridouet al., 2008). Time of the year, such as seasondiscern a user’s likely preferences from a frustgly
month, day or week and it also depends on the psrsosmall data set about that user (Monroe, 2009). Web
be whom the product will be consumed or shared antased RS is very popular nowadays. Further, ckitica
under which circumstances. Time-related issueseh w challenge for Web-based recommender systems is
users, the duration of the user’s accessing orga gad  generating accurate results in less than a secbod.
the succession of their visits i.e., click-streamsmaintain rapid responses as databases grow, rasesrc
(Boseet al., 2006; Gunduz and Ozsu, 2003), in suchwant continually trade off effectively with speed,
situations, the RS must take additional contextuahccuracy, privacy and security.
information. Such as time, place, company and other RS is technology based system and provides
related information of user, into consideration whe personalized recommendations to the web users.
recommending a product or other informationttf@ Recommendations are suggested from opinions and
system is in need of multidimensional settings. Theactions of other users with similar tastes. Howewéth
inclusion of the knowledge about the user’s tagk in increasing popularity of recommender systems in E-
the RS algorithm leads better recommendatiorommerce sites they have become susceptible to
(Petridou et al., 2008; Adomavicius and Tuzhilin, shilling attacks. In shilling attacks, attackery tio
2008). RS mostly deals with single criterion rasing influence the system by inserting biased data th&
such as ratings of movies, songs, books and otheystem. An attack on a RS is mounted by injectisgta
products, However, in some applications, such a®f biased attack profiles into the system. Eachchtt
restaurant recommendations and tourisnprofile contains biased rating data and a targan.it
recommendations (Loét al., 2004). Profiles are injected into the system by fictitiouser
Recent studies have indicated that multiple itemidentities created by the attacker. Every attaak lca
characteristics may be taken into considerationnwheclassified as a push attack or a nuke attack. push
making a recommendation. It might not be sufficient attack, the objective of the attacker is to inceetize
base recommendation on single-attribute rating® Slikelihood of the target item being recommendedato
the researchers highlighted the potential need witiM  large section of the users in the system. While iruke
Criteria Decision Making methods in recommenderattack, the objective is to prevent the target ifeom
systems (Manouselisi, 2008). Incorporate Multienia  being recommended (Ray and Mahanti, 2008). So new
ratings into recommendation methods, finding optimaalgorithms needed to improve robustness and stabili
solutions, taking linear combinations of multiple of recommender systems against such security
criteria and reducing the problem to a single-cdte problems.
optimization problem, optimizing the most important

criterion and converting other criteria constraiat® CONCLUSION
some of the methods used in recommender systems for
multi-criteria ratings. RS has become more or less the backbone of many

Most of the recommender systems are intrusive irof the major firms and businesses on the Web space.
the sense that they require explicit feedback ftben The next generation of RS will rely more on imglici
user and often at a significant level of user imeohent.  information, such as the pages or items that a weeln
For example, before recommending any productsglicks on while navigating a web site. Based on the
movies, books or news group articles, the systemasie users navigation patterns, the system correlativg t
to acquire the ratings of previously read books omproducts or pages and the user’'s will get very atalie:
articles and, often many of them. Some of the R& us information as suggested by the RS.
nonintrusive rating determination methods where In this study, some of the recommendation system
certain proxies are used to estimate real ratifgs. technologies and application examples were surveyed
example, the amount of time a user spends time fofhe field of recommendation system is still youmgl a
reading an article, book or web site can serve@®®y  much work lies ahead. Given the huge amount of
of the site or article’s rating given by the userinformation available on the Internet and increglin
(Adomavicius and Tuzhith, 2005; Zfetal., 2002). important role that the Web plays in today’'s sogiet

Flexibility, effectiveness of recommendation asWeb usage mining services will become the most
speed address based on metrics, Scalability amdagyri  flourishing subfields in Web mining. However the
are some of the issues and features of recommendeontemporary models of recommender system surveyed
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in this study still require further research inw#y and
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privacy to be applied in a wider range of applizasi.
Also the evaluation of RS models is a challengisg a

there is no concrete framework or base template for

analysis.
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