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ABSTRACT

The wide increase of web-based user-generated contenbaiad s
networking technologies have led to the wide popularityhefterm
Web 2.0, in which the World Wide Web has moved from being an
interface for information retrieval to an interactive madi. Fol-
lowing Web 2.0, a flurry of 2.0s have appeared including Lipra
2.0, Travel 2.0, Government 2.0, and even Revolution 2.Ghi
paper, we present our vision of Location-based Service S0,
where users generate significant location-based contedthave
meaningful location-aware interactions with both the systand

other users. We address three main aspects of LBS 2.0, namely

personalization, socialization, and recommendationsteims of
personalization, LBS 2.0 looks beyond the use of rigid rgare
neighbor queries to more personalized best-neighboregietiere
user preferences and context are taken into account whereans
ing queries. In terms of socialization, LBS 2.0 goes beyosidg!
location information as extra attributes in existing sboigtworks
to injecting location-awareness into the core functiagailf social
networks. For recommendations, LBS 2.0 aims to adapt egisti
commercially successful recommendation techniques tsiden
the spatial aspects of users and/or items when making itsides.
Overall, we discuss how the confluence of these topics form ou
vision of LBS 2.0.

1. INTRODUCTION

The term Web 2.0 is associated with web applications thdt fac
itate participatory information sharing, crowd-sourgingeroper-
ability, user-centered design, and collaboration on thelth\ide
Web [28]. The popularity of Web 2.0 came about as a direct re-
sult of the wide increase of web-based user-generated rdcente
social networking technologies. In Web 2.0, the World Wideb/V
has moved from being an interface for information retrieeafn
interactive medium where users can share information agplser-
generated content, and interact with other users. Follpttia suc-
cess of Web 2.0, a flurry of 2.0s have appeared including hybra
2.0 [16], Travel 2.0 [29], Government 2.0 [9], and even Ratioh
2.0 [24]. All application of 2.0s rely mainly on social intation
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among participants, where the knowledge of one person loéps
ers in an information participatory media.

In this paper, we present our vision of Location-based 8esvi
(LBS) 2.0, where users can generate significant locatisedaon-
tent and have meaningful location-aware interaction withlihe
system and other users. There are two ways to look at LBS 2.0,
either as embedding location-awareness into existing Wetn2
frastructures, or embedding Web 2.0 functionality inside ¢tore
of existing location-based services. We take the formeragah,
which makes use of the existing Web 2.0 model, thus buildpanu
an already-successful infrastructure. This approachdsmtrast to
reinventing Web 2.0 modules inside a location-based seeiwi-
ronment. In other words, our approach is similar to the stdry
spatial databases over the last two decades, where thal$pat-
tionalities were embedded inside existing database sgsterak-
ing use of the existing infrastructure including query @pers, op-
timizers, indexing, and transaction processing.

We address three main aspects of LBS 2.0, namely, personal-
ization, socialization, and recommendations, which haentsuc-
cessfully realized in the world of Web 2.0. Below is a brie§dep-
tion of these aspects:

e Personalization. Nearest-neighbor queries are widely used
in location-based services to locate the closest restggan
station, or store. However, in the world of Web 2.0, and the
proliferation of social networks, using rigid nearestgigior
gueries may not be favorable. LBS 2.0 needs to go beyond
the use of nearest-neighbor queries to the more persodalize
best-neighbor queries where user preferences and context a
taken into account evaluating location-based queries.

e Socialization. Location information are used in existing so-
cial networks as simple additional attributes used within a
“Check-in" procedure. LBS 2.0 needs to go beyond this idea
to injecting location-awareness into (a) the core funclity
of social networks, and (b) the decision of what is the most
related social news items given to each user.

e Recommendation. Recommender systems have made very
successful commercial applications. However, to a large ex
tent, they ignore the location properties of both their siser
and recommended items. LBS 2.0 needs to adapt existing
commercially successful recommendation techniques to con
sider the spatial aspects when making its decisions.

This paper also presents GeoSocialDB, a location-basedl soc
networking system we are building to demonstrate our vigibn
LBS 2.0. The functionality of GeoSocialDB is fundamentally
different from current incarnations of location-basediaboet-
works (e.g., Facebook Places [6], Foursquare [8]). Thersirx



location-based networks are strictly built for mobile dms, and
only allow users to receive messages about the wherealfdbtsro
friends (e.g., Foursquare “check-ins” that give an aleat tiyour
friend Alice has checked in at restaurant A"). GeoSocialDB,
the other hand, takes a broader approach that dovetailidnat
ity of traditional social-networks with location-based:&d scenar-
ios (e.qg., friend news posts with spatial extents, locatidluenced
recommendations). Thus, GeoSocialDB is appropriate ftr tva-
ditional social networking scenarios (e.g., desktop-taseplica-
tions) as well as location-based scenarios (e.g., moliged ap-
plications).

in the future.

Unfortunately, thespatial attributes in personalization are dealt
with as any other non-spatial attribute. For example, inpacgl
skylinequery that finds best hotels based on price and distance, the
spatial distance attribute is used in the same way as thepatial
price attribute. Very few works have exploited the speciaber-
ties of spatial attributes, e.g., continuous movement [71,and
road network distance [4, 13]. However, such work is limioedly
to the case ofkylinepreference queries, and cannot be extended to
support the wide variety of other preference queries.

The term LBS 2.0 has recently been used to refer to the new 2.2 K-Nearest-Neighbor Queries

location-based functionalities that take place in the exintf social
networks [14]. Examples of these functionalities include&book
places [6] and Foursquare [8] that are mainly used throudhilmo

A primary use of location-based services has been to helg use
find interesting nearby destinations (e.g., restaurammes} through
k-nearest-neighbok(NN) queries [10, 18, 25, 31]. Though widely

devices. Users of Facebook places and Foursquare get reessag used,kNN queries are rigid as they provide answers based solely

about the whereabouts of their friends in termCbfeck-inmes-
sages. For example, “your friend Alice has checked in aatgant
A”. In addition, users can receive notifications about fdenvho
have checked in at a nearby place. In such systems, useatitlos
are treated simply as an additional attribute within the psefile.
Yet, the location attribute is not really used in the corectionality
of social networks. In an analogy to the spatial databasetleisa
is similar to using the location attribute as an an additidable
column queried through SQL. Ultimately, however, the tmeaxit
of location as a first-class citizen in databases led to thatiom of
specific spatial database operations (e.g., spatial jdas)n turn
led to orders of magnitude performance improvements ansiute
cess of commercial spatial databases. This matches oon\isi
LBS 2.0, where location information will not only be pervasio
the users, but will also be pervasive to the underlying caatpnal
model, i.e., the location is used in the core functionalityacial
networks. This also relaxes the restriction that LBS 2.Qghonly
be applicable for mobile applications that generate “chathkn-
formation from the GPS attached to the mobile device. In 2B8&
2.0 should be also valid with traditional desktop compuytetsere
a user of LBS 2.0 has full control on its location of interest.
The rest of this paper is organized as follows. Sectionsan@4
discuss the personalization, socialization, and recordatén as-
pects of LBS 2.0, respectively. Section 5 presents the GaalBB
project, under development at University of Minnesota thegets
our vision of LBS 2.0. Finally, Section 6 concludes the paper

2. PERSONALIZATION IN LBS 2.0

In this section, we discuss our vision for personalizatiohBS
2.0. We start by introducing traditional preference quer@ad
K-nearest-neighbor queries. Then, we present our propdsal o
K-best-neighbor queries that we envision as a marriage skthe
two existing query types. Finally, we present the challsnged
approaches that need to be considered when desidiiigst-
neighbor queries.

2.1 Preference Queries

The idea of personalization is to allow users to express pest
sonal preferences, which will be taken into account whenauser
requests a certain item (e.g., hotel or movie). The hearecdqn-
alization is preference query processing that aims to fiedbést
answer according to a certain preference method. In reeamsya
number of preference methods have been proposed, incltajirg
k [3], skylines [1] k-dominance [2], and tog- dominance [32],

on distance-based measures, e.g., Euclidean or road tetgar
tance. For example, when a user looks for a restaurant, éreaas
tually wants to find the “best” restaurant, which can be inteted
differently from one user to another. ExistigjiN queries reduce
the meaning of “best” to be the “closest”. The rigidness:ibN
queries can be shown with a simple example where a user asks fo
four restaurants. After retrieving the answer, the useamdiers that
she does not like the style or the food of the first two restasra
while the other two restaurants do not match her dietary and b
get restrictions. Location-based services should be Lsafid a
more useful set of answers could have been given in the previo
example had we considered the useessonal preferences

2.3 LBS 2.0: k-Best-Neighbor Queries

In LBS 2.0, location-awareness should be inherent in the-com
putation ofall preference queries as a means of personalization.
LBS 2.0 needs to go beyond the rigid nearest-neighbor caitmie
the more personalized best-neighbor queries where theoteser-
ence and context are taken into account when deciding oruthy g
answer. We envision best-neighbor queries as a marriagetbf b
preference queries and nearest-neighbor queries. The'bhest?
is inherited from preference queries that aim to find the best
swer subject to a certain preference function and userigedwcon-
straints, while the term “neighbor” refers to the spatialna of the
results, which require special handling when combined witter
non-spatial attributes. In generakbest-neighbomqueries aim to
find the k& best objects of interest according to a set of user pref-
erence constraints, a preference function, and surrogradintext,
while considering the location aspects of both the user djetts.

It is important to note here that we are not aiming to propose
or design new preference methods. Instead, we aim to ke
ing preference methods location-aware. There is already arenatu
research field aimed at inventing new preference functieitiser
within the database research community, HCI communityyene
among economists. Starting from there, we do not need tearin
the wheel and think of new preference functions. Insteadplae
to work with existing methods to make them location-aware.

2.3.1 Location-Aware Preference Queries

One approach to inject the location-awareness insideimgist
preference functions is to redesign the algorithmsath pref-
erence query type (e.g., tdp-skyline, k-dominance) to include
location-awareness. This is the approach applied so faifdine
queries [4, 11, 13, 17]. However, with the plethora of newfgrre

among others. Each of these methods have semantics that chalence functions and the likeliness to see new preferencéidunsan

lenge the notion of “best* answers. Since “best" is subjective
will likely see the proposal of a number of new preferencehoes

the future, this approach is not practical. It requires aeheffort
applying spatial properties tachsingle preference method.



Our approach is to approach the problem from another an-
gle. Instead of augmenting each preference method with location
awareness, we plan to make existing spatial operationepate-
aware We believe that this approach is more practical as the num-
ber ofbasicspatial operations is much less than the number of cur-
rent, or future, preference methods. One way to realize pur a
proach is to utilize extensible architectures like the Plef [15]
extensible preference evaluation framework. In FlexPieifdi-
tional query operators (e.g., selection and join) are esids to
anyregistered preference method. Registering a preferentteoche
in FlexPref is as easy as designing a simple procedurafacteof
a few short functions. Along the same line, we envision rigghes
ing basic spatial operations (e.g., spatial selection padd join)
to be extensible to a number of preference methods. This snean
that the code for a spatial selection/join operator will lréten in
terms of certain extensible functions that can be defined farm-
ber of preference methods. As with FlexPref, the promiseunf o
approach is that the effort required to design these exttenfinc-
tions for each preference method is orders of magnitudetthess
the effort to make each preference function location-aware

2.3.2 Exploiting the Properties of Spatial Attributes

Preference functions need to be aware of the special piepeit
spatial attributes. For example, spatial attributes ard tmcom-
pute compared to other attributes. For example, unlikelyatpref-
erence function (e.g., a skyline) optimizing oyeice anddistance
will deal with the the two attributes in the same way.pAce at-
tribute is easy to retrieve, whiledistanceattribute may need to be
computed on-the-fly considering some constraints, e.gd ret-
work and traffic. One way to process such a query would be to firs
compute thalistanceattribute for all objects of interest, then apply
the preference function. Needless to say, that would be effi-in
cient way of computing preference queries. Preferencetifumse
should be aware of the cost of computing spatial attribuges,
avoid unnecessary spatially related computations foretlodgects
that will never contribute to the answer of the preferencergu

A major advantage in our proposed approach mentioned in the
previous section is its extensibility in supporting a varief func-
tions over all supported preference methods. For exammdégad
of proposing one algorithm for the spatial skyline queryt tha
ploits expensive computations of spatial attributes, aradteer one
for spatialk-dominant queries, spatial tdpqueries, and so forth,
we need to introduce only one algorithm for handling spatal
tributes forall preference queries.

3. SOCIALIZATION IN LBS 2.0

In terms of socialization, LBS 2.0 needs to go beyond usieg th
location information as extra attributes in existing sboigtworks
to injecting the location-awareness into the core funetiioy of
social networks.

3.1 News Feed Functionality

The news feed functionality [27] is, by far, the most common
functionality in all social networking systems (e.g., Aamek [5]
and Twitter [30]) and news aggregators (e.g., My Yahoo! [@0d
iGoogle [12]). The main idea of the news feed functionaliyhat
users of social networks and news aggregators receive arsaye
from their friends and favorite news sources, respectivAly the
number of related news for any user could be overwhelminigt-ex
ing news feeds limit their output to only a setiohews. This set is
either selected as the most recéntews items or some weighting
criteria is applied to get only the most (expected to be)éestng
items to the users.

3.2 Location-Aware News Feed

This section presents the motivation and operation of the
location-aware news feed functionality, needed to readzeal-
ization in LBS 2.0.

3.2.1 Motivation

Although the news feed functionality is widely availabledh
social network and news aggregator systems, unfortunatety
nores the spatial aspect of posted messages, hence, ugarisaa
several important messages that are spatially relatecetn.thiFor
example, when a traveling user logs on to a social netwoek thie
user would like to get the news feed that match his/her nea-loc
tion, rather than sticking to the most recent news feed. Bnees
concept can also be applied for users who keep logging oreto th
system from the same location, yet, they have a large nunfber o
friends. It is of essence for such users to limit their nevesifeo
the ones related to their locations. Examples of the lonadimare
news feed include a message about local news, a commentabout
local store, or a status message targeting friends in aiceraa.

3.2.2 Operation

In order to make the news feed functionality location-aware
each user-posted message is associated with a spatiat thaen
determines a message’s range of effectiveness. Meanvelaitdy
user is associated with an inherent location. When retrgethe
location-aware news feed, the user location and messagatils
extents are used to retrieve the spatially relevant neves fee

The main idea of théocation-aware news fedd to abstract the
location-aware news feed problem to evaluating a set otitmta
based point queries where each query is posed to a friend to re
trieve the set of messages that are issued by that friendemthp
with the user location. Thiocation-aware news feeld equipped
with three different approaches for evaluating each locakiased
query, namely, (1¥patial pull approachin which the query is an-
swered through exploiting a spatial index over the messposted
by the friend, (2)spatial push approachn which the query sim-
ply retrieves the answer from a pre-computed materialized v
maintained by the friend, and (8hared push approagtin which
the pre-computation and materialized view maintenancslzaeed
among multiple users. Then, the main challenge ofltization-
aware news feedhodule is to decide when to use each of these
three approaches to which queries. Our system, GeoSocjiaibDB
plements an elegant decision model that decides upon usiag-a
proach such that it: (a) minimizes the system overhead fliv-de
ering the news feed, and (b) guarantees a certain respomsdati
each user to obtain the requested location-aware news feed.

A better response time will call for using thspatial pushap-
proach for all queries, where all location-aware news femds
pre-computed. However, this results in a huge system oadrhe
to maintain a massive number of materialized views. On the
other hand, favoring system overhead may result in exegutiore
queries using thepatial pullapproach as no views need to be main-
tained. However, this may be over killing for users who halage
number of friends as they will suffer a long delay when retrie
ing their news feed. GeoSocialDB takes these factors intolatt
when deciding on which approach to use to evaluate each dquery
a way that minimizes the system overhead and guaranteetaicer
user response time.

3.3 Location-Aware Ranking

This section presents the motivation and operation of the
location-aware ranking functionality, needed to realizeializa-
tion in LBS 2.0.



3.3.1 Motivation

Social network and news aggregator users may have different
preferences over the received messages in the news feegkdfor
ple, a traveling user may be more interested in the messduygesew
issuing locations are close to his/her current locationtt@rother
hand, a stationary user may be more interested in the message
whose issuing time is more recent to the log-on query isstiing,.
With the large volume of messages generated in a social nietwo
ing system (e.g., more than 30 billion pieces of contentezshaer
month in Facebook [7]) and the user’s limited viewing capgbi
(e.g., 40 messages for the web page and 20 messages for ae iPho
app), it is of essence to rank the related news feed, and boly s
the most related news items.

3.3.2 Operation

One way to do the location-aware ranking is to first retriele a
the related news feed through a location-aware news fe¢eisyss
described in Section 3.2, then, apply a certain rankingtfanchat
combines both the spatial and temporal aspects of each gegssa
and only show the messages with topanks. However, doing so
may result in significant redundant computations of reinig\a lot
of news feed messages that have no chance of making it toghe to
k list. Our idea is that instead of ranking all messages agérd
retrieved from the user’s friends, we encapsulate the sisanking
preferences within the query processing. The main idearediace
the number of friends the system queries for the relevansages.

We can do so by tracking the highest ranked message scones fro
all the user friends to select a candidate set of friendsttizve the
relevant messages from. This immediately saves from the oke
retrieving all related messages from all friends, as wet lind mes-
sage retrieval from a candidate set of friends. Then, weyoggech
candidate friend by their highest ranked message scorekempd
updating the ranking boundary for tdpeandidate messages. The
query processing terminates early once the highest raskiog of
the next querying friend is less then the ranking boundarsaie
a significant amount of redundant computations. Moreobesd
highest ranked message scores are updated as the messages ar
dated from the user’s friends, when necessary.

4. RECOMMENDATION IN LBS 2.0

In this section, we present our vision flmcation-based recom-
mender systemsa synergy between location-based services and
recommender system functionality with the goal of prowvigin-
terestingobjects to users. So far, we have explored two primary
methods to providénterestingobjects in location-based services:
(1) kNN techniques (Section 2.2) simply retrieve theobjects
nearest to a user and are completely removed from any nofion o
personalization (2) k-Best-Neighbor queries (Section 2.3) require
users to provideexplicit preferences in order to retrieve interest-
ing objects. We now make the case that LBS 2.0 systems should
also provide interesting objects by dovetailing recomneersys-
tem functionality, which exploitsmplicit user preferences based
on past behavior and opinions, with spatial properties efsiand
objects inherent in location-based services. We first veview
recommender systems work. Second, we highlight a taxondmy o
three novel types dbcation-based ratinggapable of being gen-
erated from many existing location-based applicationsnalfy,
we provide an analysis of real location-based data taken fre
Foursquare [8] location-based social network. Our analgsows
that user behavior and opinions are spatially correlatedraoti-
vates the need fdocation-based recommender systems

4.1 How Existing Recommender Systems
Function

Recommender systems make use of community opinions and
user behavior in an application to help users identify Usefu
teresting items from a considerably large search space {@gn-
tory from Amazon, news from Google, or movies from Netflix).
Many successful and widely deployed systems mainly relyhen t
collaborative filtering(CF) recommendation technique CF as-
sumes that users provide opinions about a set of items f@ogies,
books, restaurants), expressed through ratings repességtthe
triple (user, rating, item) that representsaserproviding a numeric
rating for anitem (e.g., movie). These rating triples are then ana-
lyzed to find correlations between similar items (e.g., Hamsed
CF [26]) or similar users (e.g., user-based CF [23]) in otdgaro-
vide a querying user with interesting recommendations.

4.2 Location-Aware Recommender Systems

Unfortunately, many popular recommendation techniquasado
consider the spatial properties of users and/or objecterémt
in location-based services. Meanwhile, location-baseglice
tions have not considered the use of recommendation teodsiq
We propose to rectify this situation by highlighting the dder
location-based recommender systetimest exploit the synergy be-
tween recommender systems and location-based serviceBSn L
2.0. For example, whenever a user requests a restaurantB&n
2.0 application, the answer should be based on ratingsyeftsers
when they were spatially close to the querying user location
when a user requests a movie, the answer could be linked to the
user location by suggesting a movie liked by others who livihe
same neighborhood as the querying user.

4.2.1 Location-Aware Ratings

The key to creating location-aware recommender systents is t
exploit location-aware ratings Recall that existing recommender
systems assume that user opinions are expressed througgsrat
represented by the tripleiger, rating, item) where auserprovides
a numericrating for anitem However, many existing applications
are capable of producing location-aware ratings that aungtiés
traditional rating triple with spatial attributes of usarsd/or items.
We now provide a taxonomy containing three types of location
aware ratings, along with examples of applications thapraduce
each type of rating.

e Spatial User Ratings for Non-Spatial Itemsassociate a lo-
cation with the user that issued the rating, represented as
a four-tuple (@ser, ulocation rating, item) whereulocation
indicates the user location. Items are non-spatial in eatur
(e.g., movies), thus do not have an associated locationnAs a
example, traditional e-commerce applications (e.g., hgtfl
may use a users home addresslasation while mobile ap-
plications may associate the location where the user rated t
item as theulocation

Non-Spatial User Ratings for Spatial temsassume items
are spatial in nature (e.g., restaurants) and associaitethe
location with the rating, represented as a four tupise¢
rating, item, ilocation), whereilocation is the item location.
Itis assumed that user location is not collected (or avkd)ab
with the rating. Examples of applications that produce such
ratings are e-commerce applications that gather userasni

1we focus on collaborative filtering due to its popularityotigh
other technigues may be used in practice.



Figure 1: MovieLens spatially localized movie ratings

on venues/destinations (e.g., restaurant review wepdites
do not collect user locations.

e Spatial User Ratings for Spatial ltemsassociate both user
and item locations with the rating, represented as the five-
tuple (user, ulocation rating, item, ilocation) whereuloca-
tion andilocation indicate the user and item locations, re-
spectively. Examples of applications that produce such rat
ings are location-based social networks (e.g., Foursd8gre
Facebook Places [6]).

Using this taxonomy, traditional rating triples can be sifisd
as non-spatial ratings for non-spatial items. Our visiolooétion-
aware recommender systems in LBS 2.0 applications calsujor
porting the above taxonomy of location-based ratings ireotd
providek interesting items/destinations to querying users.

4.2.2 Motivation

As a testimony to the need for location-aware recommendger sy
tems, we analyzed movie ratings from the well-known Movie-
Lens movie recommender system built at the University of-Min
nesota [19]. We extracted approximately 90K ratings from th
system where each rating was associated with the zip codeeof t
user rating the movie, which gave us a real set of spatial nager
ings for non-spatial items. We analyzed these ratings tdoexp
whether movie tastes are spatially localized. Figure % tisé top-

4 movie genres using average ratings of users from the Latesst
Minnesota, Wisconsin, and Florida. While Minnesota and-Wis
consin both list “Film-Noir” and “War” movies in their top-gen-
res (though in opposite order), the rest of their lists diffgith
Minnesota having “Drama” and “Documentary” as their nexppo
ular genre, while Wisconsin lists “Mystery” and “Romancea’tae
next most popular genre. Meanwhile, the top-4 movie genes f
Florida differ vastly, as “Fantasy” and “Animation” are theost
popular movie genres, followed by the “War” and “Musical’nge
res. This analysis suggests that movie preferences areaui
specific spatial regions. Furthermore, our analysis verigiarlier
work from the New York Times [21] that analyzed Netflix user
queues in major U.S. cities to determine movie tastes termbto
localized even at the granularity of zip codes.

This behavior we observe here suggests that recommenslation
should bdocalizedto a querying user location, i.e., recommenda-
tions should be influenced by ratings with embedded usetitota
spatially close to the querying user. The intuition is thaialized
recommendations will provide a sense of what other systersus

N N User Updates
U.S. State Top Movie Genres Avg. Rating p A N
. N Geo-tagged Profile Object
Minnesota Film-Noir 3.8 Messag Up Ratings
War 3.7
N\
Drama 3.6 v
Documentary 3.6 Messages
Wisconsin War 4.0 o
Film-Noir 4.0 "ll
MYStery 3.9 Log-on Query » Location-based | > Location-based Newsfeed
Romance 3.8 » News Feed Rl News Ranking »
i Fantans 4.3 v
Florida - - y R \dation Location-based JRecommendation
Animation 4.1 Query — 7|7 T T T T >{WREcemandatenl - — — — — [~
War 4.0
Musical 4.0 \ GeoSocialDB J

Figure 2: The system architecture of GeoSocialDB.

are currently crawling for and analyzing location-basethdeom
the Foursquare location-based social network [8]. Ouiairginal-
ysis of the Foursquare data further suggests that user ioefsad
preferences are spatially localized.

5. THE GEOSOCIALDB SYSTEM

This section presents the GeoSocialDB system, still under d
velopment at University of Minnesota. We built GeoSocialB
demonstrate the synergy of all aspects of LBS 2.0. The compyen
of the system are divided into modules built into the PoS@t
open-source database engine [22] and modules built on ©psif
greSQL. In particular, the personalization module is haotlh Post-
greSQL through the FlexPref engine [15]. The socializatiad-
ules (news feed and news ranking) are currently built on top o
the engine (we have plans to migrate parts of them inside)late
Finally, part of the recommender system, namely, geneydtie
collaborative filtering model is built inside PostgreSQLhile the
location-aware recommendation module is outside the engin

Figure 2 depicts the GeoSocialDB system architecture trat ¢
sists of three main modulesocation-aware news feedbcation-
aware news rankingand location-aware recommendenn addi-
tion, GeoSocialDB stores three types of data: spatial ngessa
user profiles, and spatial ratings. Note that the persatadiz
components is built into in the PostgreSQL engine we aregusin
GeoSocialDB can take five different types of input as follo(ig A
profile update, where system users can update their persbogl
mation and/or friend list. (2) A new (spatial) message, whgra
system user posts a hew message and specifies the spatidasexte
of that message, indicating the spatial range for which tles-m
sage is effective. The message is deemed relevant to ordg tho
users who are located within its spatial extent. (3) A nevai(s)
rating, whereby a system user rates an item and the useiolocat
and/or item item location is associated with the rating,exscdbed
in Section 4. (4) A location-aware news feed query, i.e.;dag
query. Once a GeoSocialDB user logs on to the system, adoeati
aware news feed query is fired to retrieve the relevant nead, fe
i.e., messages posted from the user friends that have Ispagats
that include the location of the querying user. The processi
this query type was discussed in Section 3. (5) A Locatioaraw
recommendation queries. GeoSocialDB users can requeshrec
mendations of either spatial items (e.g., restauranteestor non-
spatial items (e.g., movies, books) through explicitlyraiting a
location-aware recommender query. Then,ltTation-aware rec-
ommendemodule suggests a set of items based on: (a) the user lo-

prefer to do when in the same location as the querying user. We cation (if available), (b) the item location (if availablend (c) pre-
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