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Knowledge sharing is vital in collaborative workveonments. People
working in the same environment aid better comnation due to sharing
information and resources within a contextual kremgle structure
constructed based on their scope. Social netwdeaysimportant role in our

daily live as it enables people to communicate, simake information. The
main idea of social network is to represent a grofipsers joined by some
kind of voluntary relation without considering apyeference. This paper
proposes a social recommender system that folloses'su preferences to
provide recommendation based on the similarity agnesers participating in
the social network. Ontology is used to define awiimate similarity

between users and accordingly being able to cordifferent stakeholders
working in the community field such as social asstians and volunteers.
This approach is based on integration of major attaristics of content-
based and collaborative filtering techniques. Gogplplays a central role in
this system since it is used to store and mairtteendynamic profiles of the
users which is essential for interaction and cotioecof appropriate
knowledge flow and transaction.
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1. INTRODUCTION

Nowaday’s computerized systems are playing a vatlyable role in every walk of life. Information
technologies can facilitate social and communittivéies work by making processes, knowledge more
explicit, sharable, and maintainable. Knowledge ag@ment aims to provide the right knowledge to the
right person at the right time. In community andiabwork, application of knowledge management woul
target the improvement of the quality of life fdret majority of persons who rarely access apprapriat
community services, and are socially isolated. sloms dwellers lack basic services such as poovisf
healthcare services; food reduction, unplannedihgusanitation low community cohesion save dukaok
of identity. Providing these services could beoaaglished either through social associations ountglers
who aim to help persons who rarely access appitepc@nmunity services.

This paper proposes a Social Recommender Syste@dimmunity Services (SRSCS) that is used
to recommend the best candidate to apply a spedfitmunity work. This system is based on the irztgn
of the characteristics of content-based recommandatgorithms into a semantic social network.ithg at
improving the recommendation process by considdtiegnodeling of profiles of users. This mechanism
applied within a framework calletsociety in hand” which is a web application that is used in the
community/social field to facilitate the activitie$ community services within the society. Oneeatijve of
the proposed semantic recommender system is tmealaditional content-based filtering in whicle thser
profile is built based on the static informatioratttrepresent the likehood of users to those iterBy.
monitoring information exchanges as well as therinttion of users with the system, we start by riogef
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user profile. Definition of member profile is ined to provide all information identifying the main

structural characteristics of the participants. dnnber’s profile is represented as a merge betwadic and

dynamic aspects. Static profile contains informatielated to personal information and interestsilevh
dynamic profile refers to the usage, interactiom doehavior of a member. The main purpose of this
definition of user’s profile is to find actual silmiities between profiles of interest with candel@éems (in
our case community services) in order to overcoh® groblem when there exist no user ratings as in
traditional recommender systems. For this goal specified ontology for community service domainttha
decompose the volunteers, social association peofis well as community services ontology. The ldpee
ontology is the key to establish a standard ofigefit knowledge for modeling the users and autaraty
predict links between participants and one or noa@munity services. Establishment of these linksile/
enable the system to provide different recommeandaguch as:

- It recommends list of community services requestedore than one social association to voluntéer (s
based on their profiles.

- It recommends list of volunteer(s) needed to acdmpa specific service asked by any social
association considering volunteer’s preferencesveb as volunteer historical record (associatechwit
that service).

The proposed knowledge share and transfer platfmsitwo main categories of users. The first
category is: volunteers who would provide theitunbary services but they don’'t know suitable scedm
apply their work. The other category is charitysocial association whose work is to provide differgpes
of community services to society but sometimes thegd community help to accomplish their missidin.
encourages community of people who are interestgutdvide community services. Furthermore, it hétps
foster voluntary-related initiatives at all leveiEcommunity. To make this work more concrete, shistem
has been tested over a group of 300 volunteer vauddccollaborate with 100 social associations. We
compare the accuracy of our approach in recommgnditunteers based on semantic of the user profile
with traditional methods that depends on static sueag values. The structure of the paper is dsviol
section2 discuss different models for knowledgerisgaand recommendation mechanism. Next, the
framework semantic knowledge sharing is introdudéuken, the general architecture of the proposetsys
is presented in section 4. The matchmaking prodetssls are described in section 5.

2. RELATED WORK

Capturing, representing and sharing knowledge firdformal communication exchanges has been a
topic of research in the knowledge management arttié information seeking behavior communities for
many years. Different types of knowledge could harsd such as tacit knowledge which is often very
specialized and precise and is not shared with rayase than the immediate recipient of the inférma
communication exchange. Different techniques haaenbexplored in previous works to extract, reprgesen
and share knowledge, often focusing on one spggal of communication exchange and recommendation.
This section provides a background of differentwiealge sharing frameworks and recommender system
techniques.

2.1. Knowledge sharing framework

Knowledge sharing is an activity through which kiedge (i.e. information, skills, or expertise) is
exchanged among people, friends, or members ahdyfaa community (e.g. Wikipedia) or an organipati
[2]. Knowledge sharing frameworks could be in foofrenvironment that used to connect people foradoci
activities like social networks or that connectiugys of people to enable them who learn collabosbtilike
community of practice .

2.2. Social network

Many studies have shown how powerful social netwade for knowledge sharing. On line social
networks would result to construct forms of relaships between individuals through communications
mediated by computers [14]. Social networks amssitiered powerful tools to share information across
organizational and geographical boundaries. Iniqdar they are crucial to share tacit knowledgat tten
with difficulty be formalized through documents J2A social network is a social structure consigtiof
individuals (or organizations) called nodes ands tihat connecting nodes by different types of
interdependency, such as friendship, affiliatioiatienship, communication mode or relationship of
religions, interest or prestige [31].

Social network graphs is constructed using inforomatound in different places, such as the contact
lists from social networking sites, the phonebowif mobile devices, and blog rolls. Social netwgraphs
help to recognize how members overlap and be ablesé information to synchronize the contacts on
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different social networks. This information canrif®e used to enable communication with the peaplad

in the other social networks. Social network sitesild be classified into two main categories. Tihgt
category provides open memberships so that anyamdecome a member, while the other category focus
on particular interests such as research gaten&x$tage, etc target a specific category of petple
emphasis their activities. Social knowledge shasystem (SKSs) is social knowledge networking wisioh
virtual environments where content combines withhhno resource assets and subject matter experi&e) (S

to address critical business initiatives and pnoisleranging from product innovation and proposal
development to competitive intelligence and consumsght [13].

SKSs span enterprise silos and merge relevant miprgearch, and community insight, improving
individual and organizational problem. The Socialof/ledge website or system like Facebook, twithés,
considers themselves a collection of peer commumitiyvorks. They foster online communities so that
people with similar interests can connect to hasrtbe distributed expertise of the members. Thates
"The participants collaborate and manage their canity while constantly providing feedback that sed
to shape and extend the features of each Socialvlédge Network™ . Currently mobile social networks
[20] took place to support location-based, perboed, interactive mobile social network servicesng
mainly metropolitan Wi-Fi networks in the context social services [9]. The idea is based on mobile
communications that could be used to increaseltseigess of one’s social networks [21].

2.3. Community of practice

Effective work groups engage in external knowledparing the exchange of information, know-
how, and feedback with customers, organizationpegs, and others outside of the group [12]. Comnitgu
of practice is defined as a community of people®whare the interest regarding an issue or probletn
learn from regular interactions [13]. Communitidgpoactice as an informal organization which idetiént
from the formal organization, has an importantuafice on improving organization’s performance [30].
According to Wenger [32], communities of practioest has the following three features: the domiuat
communities of practice must be related to one ames areas; the members through participation in
community activities, share their experiences, laach from each other; the practice, the membearsrding
to their areas of interest to exchange and to miairgustained interactions.

Several approaches exists to build communitiesntdrést, one of them is to profile the users
interest based on the content they read which ésl us the GALILEI framework that is used to manage
digital information (electronics documents). Prongl users with a platform which enable them to shar
documents, browse a collection of documents, tiseegy constitute a community of users based on dnea
of interest as well as the document they read. 3ysem applies similarity based clustering genetic
algorithms (SCGA) to cluster the users [23]. Anothpproach is to model active user activities usirgdp
usage mining techniques, and applying personadzatéchniques such as recommendation and filtering
which is also used in social networks and sotiedlia, such as the recommendation of new friengk [2
The work described by [8] apply web usage minmndiscover web usage pattern in term of web uswil@r
and web page groups from web log file in ordesupport web recommendation. Latent semantic arsaiysi
used to recommend the customized web contentsidersts at university.

2.4. Recommender systems
a. Content-based recommendation

Content-based recommendation is a textual infoonafiitering approach based on users historic
ratings on items. In a content-based recommendadiaser is associated with the attributes of tdwas that
rated, and a user profile is learned from the kaités of the items to model the interest of ther.uSke
recommendation score is computed by measuringithiéasgty of the attributes the user rated with skoof
not being rated, to determine which attributes migh potentially rated by the same user. Contesétha
recommendation is helpful for predicting individsigtreference since it is on a basis of referringhto
individuals historic rating data [29] .

b. Collaborative filtering recommendation

Collaborative filtering recommendation is probatitlg most commonly and widely used technique
that has been well developed for recommender sgst@sithe name indicated, collaborative recommender
systems work in a collaborative referring way tlsato aggregate ratings or preference on itemsouer
user profiles/patterns via learning from usersohnistrating records, and generate new recommendatioa
basis of inter-pattern comparison. In the contéxtallaborative filtering recommendation, there &
major kinds of collaborative filtering algorithmsemtioned in literature, namely memory-based andehod
based algorithm [10].

Ontology-based Social Recommender System (Abd&urBhy)
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2.5. Hybrid content based and collaborative filtering

There are works that propose ways to combine bibnifig techniques collaborative and content-
based such as the one developed in [24] proposadilar method to the one mentioned here by applifie
content based profile for estimation of user siritya However, only trivial profiles were used .i.eontent-
based, demographic-based The lack of explicit gatis addressed in [15]. They proposed using intplic
feedback from the user to fill the rating matrixh@r systems were developed to overcome the probfem
cold starts of content based approach by combingay and item meta data with users' historicahgatito
predict the users' interaction on items such asfl able to combine both item features and uséurtesafor
Collaborative filtering. It identified some inngFatures for items through which they were ablddfine an
implicit rating of each items without user inteifeg. Our proposed approach combines both sources of
explicit features and extracts other features thiect amount of dynamic information about theruse
suggests to maintain profiles for both contents asets, where temporal characteristics of contents,
are updated in real-time.

2.6. Semantic Knowledge Sharing Framework

Knowledge sharing within a specific community igtical to success of that community. The flow
and transaction of appropriate knowledge withinie@conomic groups is crucial in order to facikitat
communication and cooperation between people wgrkirthe same field. In order to exploit synergies
community to maximum, semantic of users would bedeadin order to enhance interactions between
members working in the same community (either iidigl or organizations). Modeling of user’s interiss
vital in delivering appropriate knowledge to appiafe members. This section illustrates the franréved
modeling user behavior in order to enhance dissatioim of knowledge.

2.7. Semantic user profile

User profiles allow users to define and updatertipeirsonal and professional information by
supplying personal information such as, name, ficafion, email, address, and gender. Profiles sdrsi
reflect user interest through her/his personalrinftion as well as other aggregated informationctvhis
collected based on their interaction with the gyst@his work proposes an approach to utilizing user
expertise and interest in order to enhance themmewndation process. Modeling of people’s expesdise
interests is accomplished through monitoring infakexchanges of information among users which cefle
the semantic part of profiles. First, the contdr#xahanges is semantically annotated and usedrteeduser
profiles. Second, the frequency of this exchandleats the strength of ties between users. In dmrounity
field, charities and social associations used wvige specific set of community services to society
sometimes they require help from other entitieshsag volunteers. The proposed system, society rid,ha
provides its members (volunteers and social assors) a suitable environment to share informatiglated
to their field of interest, which is community sems. This type of environment provides its usethwi
specific characteristics that help to model thenmdgated above. First, members of that enviramntend
to share the relevance contextual knowledge rekatatleir explicit defined information in differefdrms.
Such as allowing users to publish information imfoof discussion, holding event, sending messaayed,
others that are all related to their pre-definedhiownity service. Second, shared knowledge (rel&ted
community service) is given additional featuresttbauld be extracted such as tendency of applying a
specific community service by each volunteer, igiplielationship that ties users to each othershsas
volunteers and social associations. Those chaistate play a vital role in management; dissenmdargtand
recommendation of appropriate knowledge sinceldwathe system to semantically model users’ prefile
Transferring of knowledge can be dependent upotirmaously flowing information based on dynamically
changed parameters stored in the user profile.

2.8. Knowledge dissemination

Knowledge dissemination federates, transforms, agldtes right information to appropriate
individual/community based on semantic modeling system users. It is evident that transferring of
knowledge can be dependent upon continuously flgwimformation based on dynamically changed
parameters stored in the user profile. Disseminadibknowledge would be oriented either to one @ren
users which we classified to individual and commykhowledge dissemination as shown in Figure 1.

2.9. Individual knowledge dissemination

Individual knowledge dissemination enhances comuoaiiins within the social network, since it
reduce the number of upcoming item to user inpofiler Every user receives only specific informatio
Peer-to peer interaction such as sending and iageimessage, commenting on one’s wall is managed
through explicit user profile. While semantic ugeofile is used to generate (recommend) the catalisiet
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of community service to a volunteer that would tpkece within a specific time. Currently, societyhiand
allows social association to define two types ofises: ordinary service and emergency servicedirary
services are the community services that a sos@d@ation used to perform while emergency serviges
defined as the services that are needed to beedpplian urgent manner. Therefore, the uservesdivo
types of recommended services and s/he free tatsafy of them. Furthermore, discussion that matche
target user’ interest would only appear for ead@r.us

2.10.Community knowledge dissemination

Nowadays, it is recognized that users within a comity tend to communicate repeatedly with the
same groups of contacts. This observation has pgeainmany online communication platforms to provide
their users with tools for creating and saving gowf contacts [7]. Unlike those tools, the propgbse
semantic social recommender system enables comatiamicand interaction between people even they are
not aware of each other but share the same intéesexample, when target usestarts an activity such as
a discussion or creation of an event, the systeasuare the strength relation among the target usedxan
actor y in her network to allow y to participate tims activity. Activity related to a specific conumity
service would be shared among members who showestteo this service through their semantic prefile
which enhance sharing of knowledge. In this casetsueither volunteers or social association, lvélhble to
share knowledge related to community service thnquasting their comments or accepting to parti@pat
that event. Community knowledge dissemination imeslfunctions that are delivered to a group of peop
based on common interest that is calculated baséldedr similarity.

Individual
dissemination

A/;
u
xchange Servers Service

Reminder g
@ User
Group - %

urgent service Message
Delivery
% Exchange Virtual
Server
Message &
Delivery 4

Event
Reminder

Community
dissemination

Figure 1. Types of knowledge dissemination acrbesystem

3. ONTOLOGICAL USER MODELING

The critical issue for a good recommender systehois to constitute user’s preferences [16]. To
deal with this critical issue, in this paper, useteferences are defined based on the semairititoahation
exchange within a cooperative environment. Usereat®dre constructed by merging explicit informatio
such address, age and preference community semitiesmplicit knowledge such as those represest th
tendency of applying a specific community serviefich is the main concern of the people workinghiat
environment). This information is determined byicthg feedback or gleaning implicit declarationg
interest (e.g., through monitoring user behaviodigcussion or posting). The basic idea is thatriher to
measure the interest of a target ustar an item i to be recommended, the proposed tqukrgenerates this
measurement by integration of: first the strendtthe relation among the target useand this item through
user behavior. Second, how much every usén the target user’s x social network likes thagnit
independentlyf the similarity between the target ugeand usey. In our approach, we propose the usage of
ontology as a main source of semantic knowledgen wploich similarity is determined. Considering those
factors, the system would recommend the candidalienteers to the social association whenever aakoci
association requires helps in a specific commusgtyice and vice versa based on their relationgpegific
community service (s). In this section, we preskatcommunity ontology which is essential for defgnthe
user models and recommendation process.

Ontology-based Social Recommender System (Abd&urBhy)
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3.1. Ontology-based recommendatior

An ontology is an explicit specification of concgpind relationships that can exist between the
can be described by defining a set of represemt@tiooncepts. When constructing ontology, not ¢
concepts and relationships are defined, but ae context in which the concept applies. Thereforgplogy
defines a set of representational terms which atkecc concepts with its associated properties, e
interrelationships among the concepts. In any veebrounity, representation of a membeprofile is related
to personal, professional information, and interg¢$¥]. However, a member could be distinguishigaiee
by the expertise in a specific area of interesval$ as the relevance of his/her contributionsafiaborative
interactions 28]. This type of implicit and tacit knowledge cdube extracted and dynamically storec
user’s profile in order to be used to drive adegumaformation to users based on (closeness) hovesithis
information to dynamic members profile. Commurontology is used here as the fundamental sour«
semantic knowledge for user profilini

According to [19], ontological approach to userfflirg has proven to be successful in addres
thecold-start problemn recommender systems where no ininformation is available early on upon whi
to base recommendations. The proposed ontol-based recommendation technique is used to recom
items to users of social network by measuring timeilarity of item to the user profiles. Similaritis
measired based on relation similarity [18] which iedd4o compute the similarity between two instarafe
two different concepts on the basis of their fefeg to other objects by considering the "clos€néss
distance) of that object. We incorporatemmunity service ontology to relate the system’ ugenfiles
(volunteers and social association). As shown igufe 2, community service could be classified |
taxonomy of concepts such as in kind assistanceyiging cloths, school/ univers payment, grant
distribution, providing job opportunities, suppgstoductive family projects, free health care sezsj
eradication of illiteracy, care for orphans anastrchildren and so on. Users of the system&ardified
by their closeness to one prore community services. This identification isth@ar used to recommen
candidate volunteers to social association anel vézsa using a hybrid method that combines cc-based
and ontologicabased filtering techniques

3.2. Community Ontology
The community ontology contains all data about voluntesocial associations, as well

community services. Community ontology plays vitalke in the recommendation process since it is s
determine the similarity values upon which the reneender engie applies filtering technique. As shown
Figure 3, community ontology contains three maiasses: Volunteers, Social association, and Serv
These abstract concepts provide a wide and flexdohge for the capture of knowledge about commt
field. The concepsih: servicedeclares all available community services in forintasxonomy as shown i
Figure 2 such as: as kind assistance, health care services, providdtheate and the full nutritional, ca
for orphans, street children, care andicapped, special needs, etc.
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inind
asistingG
1 | f
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r——l—

3rgusge
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A Urgeny donatian oures
“amilyprojects
| |
.
g Frovide heafh
=
Oranzatin cere and e

ol tigs

Gant Menthiy
Distribution Guanny

Al mitritiona

Figure 2. Taxonomy of community service

The concepsih: charity is described by the following attributes: che-name, address, contact pers
email, phone number, and offe-services which refer to aset of sergaencepts that charity offers. T
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conceptsih: Volunteeris the central point for the ontology. A voluntdegins by describing himself or
herself during signing up, listing key identityrditites such as name, gender, age, address arsetvases.
The has-services property is sub-concept of semaceept refers to community service that the viglen
can offer. Volunteer concept also has relationstiihh service concept such as assigned-serviceshasd
discussed. Thassigned-servicegelationship describes the service instance thatlready assigned to a
volunteer upon a recommendation process.adsggned-servicazlationship contains information regarding
the following attributes: status, rank and frequertatus attribute may have one of three valupeesent
the status of the service (complete, in progressceled). The rank attribute contains an accunalileak
which is calculated based on the charity(s) feekllogon completion of that service. This rank représ the
degree of excellency in applying this type of seev@nd is used to increase the score of the vaumthich

is used to group similar volunteers together. Hw attribute is the frequency which contains thenlper of
times that the volunteer applied this service. dtteer relationship with the service concept iserhlias-
discussedwhich is used to decompose post and discussiamniation related to each instance of service
concept. It contains two attributes, has-post aasidomment. Has-post attribute contains the numibime

the volunteers post discussion while has-commentaguos the number of time the volunteer comments on
discussion. It also contains relationship caltess_charitywith charity concept that points to the charity
instance that the volunteer deals with. It is use#eep record between social associations anchiesus
used to deal with it.

Mame |

i

assigned-sarvice

has-discussad

Hamsa

Contact person

Addrass

Figure 3. Community Service ontology

4. SEMANTIC RECOMMENDATION PROCESS

Recommender Systems (RSs) are software tools ahditgies that aim to provide suggestions of
items to users [5, 25, 26]. The proposed recomnreadgine applies hybrid technique which integrates
content-based filtering which recommends items #retsimilar to the ones that the user liked inphst,
and knowledge-based systems that recommend itesesl lmm specific domain knowledge about certain item
features. The proposed approach overcomes theepnobf content-based filtering which doesn’t conside
the change of user interests over time due to memsi of interest emerge. User’s profiles are affelt
adapted to interest changes by considering thealabhavioral of the user. Therefore, we consither t
ontological aspects which are used to adopt usdilgs over time.

The proposed technique builds a separate profiteefch subscribed volunteer and uses it to
evaluate the relevance of community services thatvblunteer has subscribed through proposed-sarvic
attribute. It then produces an aggregated ranlgtdvith the most relevant items appearing at tipeatiothe
list. Therefore, the user’ profiles are represerigavieghted term vectors with term frequency ndized by
the total number of terms used for a term's weidHte user profile contains a list of proposed-sessthat
is annotated with aimterest scoravhich has an initial value afera As the user interacts with the system by
accepting to apply this service, user profile islafed by changing the score value which set teighw
(numbers from O to 1) representing the intensitthefuser interest for each service concept wisiaised to
derive two types of recommendation:

- Social association to volunteers recommendation

Ontology-based Social Recommender System (Abd&urBhy)
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- Volunteers to social association recommeion
Semantic recommendation process is applied throwghmain steps the modeling of user and matchmr

@ =
" oY &
o g
. _‘ volunteers

Behavioral-  Ontological- c‘;;z‘::t'
features features
‘ features

\ ‘ L 4 N

_ User preference

—— "

Figure 4. Components of users profile

4.1. Semantic User Modeling
The mainfunction of the user modeling is to extract dynamaiatures of the users and stored i
the profile associated with a measure of releva@ontext plays a crucial role when measuring thelarity
of two items. To develop a useful context modele “must attain a better understanding of what cont&
[6]. In this paper, we are interested in a defomitof context model that is used to describe tler psofile
which is applicatiordriven, i.e. that allows us to figure out what @atparameters e important for a
particular application. Unlike other approacheshsas SIOC[3] and FOAF[4], our approach does na&nid
to describe only personal identification, but alecaggregate all interaction and user activitiethiwithe
same socio-economiagroup. As shown in Figure 4, our approach integratdhat we call a “dynami
profile” which is described in form of behavior&atures and ontological features. Consideringdbigext,
would generate more entries into user profile whigh be used tcspecify hidden links between users ¢
items (community service). Therefore, a user fas distinguished int
a. Static Profile: It represents explicitly defined preferences that are stated bgrusuch as: nam
proposed-service(s), and addressach of these features is initially defined by eaodlunteer/soci-
association and therefore they are consideringnigestiatic effects on the recommendation proc
b. Dynamic Profile: It represents all observed user’s behavior ratiem explicitlystated preferences. Us
behavior is measured usiagtivity dataandsemantic relationshipActivity data is th most reliable way
to judge users closeness to specific item basedhemactual interaction within the system. This
calculated by considerg different features that is specific to each dionaad represents the tendency
the users to items. Semantic relations, on ther dided, consider the semantic relationship betviteems
in the ontology. Therefore, dynamic profile of tnger is decmposed of the following featur:

- Content-based featuresfor each user, the system considers the followgirmgperty/value fron
volunteer ontology: geographical location of ugemunteer/social association), and name
proposed-services.

- Behavioral -features:For each assign-services in the volunteer concept, the systemhes
following property/value data: frequency of applyieach services, accumulated rank she/he obt:
number of post/comments s/he applied relatebdabservice

- Ontological-features: For each assign-service in the volunteer concept, the system censidthe!
sub concepts within the same super concept. Fonpbe a volunteer may be interested in applyi
free of charge surgery so the system also confiigleiof tharge diagnosis and free of charge medi
as they are all subencept to healthcare servi

4.2. The Matchmaker
The proposed recommender engine applies hybrichigel which integrates cont-based which
recommends items that are similar to the onesthgatiser liked in the past, and knowle-based systems
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that recommend items based on specific domain ledyd about certain item features. Furthermore, the
system adapts the traditional content-based fiigeby considering other the actual behavior ofubers that
changes its profile. In content-based filtering tinger profile is built based on the actual conteft
information items that the user found interestitypitally Content-based features mentioned befdtak
then used as the start of the recommendation acesder to evaluate the content of incomingraxtgon

and assess its relevance to the user interestsrefbine, in order to recommend the best volunteesocial
association whenever a social association regbihss in a specific community service and vice agrthis

is applied through two main steps: The first onasitder the static profile’ features and the second
consider the dynamic profile’ features. Finally teehnique aggregates both lists.

4.3. Adapted content-based recommendation

The proposed recommender engine is used to recothsemices to volunteers whenever a social
association asks for someone who is needed to gtistnthis service. As mentioned a volunteer peofd
represented as a vector contains a set of all gempservice with associated weights that have #ialin
value ofzera This value is incremented based on similaritycfion for each features.

Uj = [si1, si2, si3, S j4......sith where §€ [01]

The value of weight is determined based on two ni@ms static and dynamic. Static value is
binary which indicate whether the volunteer offerapply this service (1) within the same geograghic
location as asked by social association or not\{@ile dynamic value is calculated as an averagthef
following items, the frequency of user post a désion about this service, the number of times ge¥ had
previously apply this service, and the trust scaceumulated from social association he deals Wittis
indicate the affinity of the volunteer towards tisarvice which is multiplied by the static valuedrder to
obtain the overall similarity value for that propdsservice as shown in Table 1 which represeetstidtus
of volunteerl.

Table 1. Data stored in profile of Volunteerl

service Static Dynamic
Offered/| ’ total
feature ocated post discuss frequency Trust total
Grant distribution 1 0.5 0.2 0.4 0.4 0.375 0.375
School/ University payment 1 0.3 0.2 0.5 0.3 0.3250
Free of charge surgery 0 0.2 0.6 0.1 0.3 0.3 0.3

The proposed matchmaking algorithm that recommeadsce(s) to volunteer works as follow:
Step 1 Weight allocation for static features
Identify the list of services that is located witlihe geographical location of the volunteers gopakar in the
proposed-service attribute. Each service is asdigngal value of 1
Step 2 Weight allocation for dynamic features
For each proposed-service calculate the following:
Dynamic features valuex Number of applying service/ total number of appdyall services + rank +
number of post for that service /total numbermpaists+ number of discussion for that servicaltotumber
of discussions
Weighted rank (WR) which represents the accumulegall gained by social association upon complegifon
that service which is calculated using the follogvaquation:

WR = (v + (vtm)) x R+ (m + (v+tm)) x C
where:
R = average score given to volunteer
v = number of ranking for the service
m = minimum number of score to be considered
C = the mean across the list

Ontology-based recommendation

In an ontology-based approach, similarity meastingser preferences (features) is computed basedrgEm
relationship and distance; we comprehensively demsthe inheritance relations and semantic distance
relations between services according to the serdgenomy in Figure2. In the processing of similari

Ontology-based Social Recommender System (Abd&urBhy)
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measure, we extended the concept matching [11phtlmtates the weight value of a concept accortbrits

closeness with other concept in the hierarchytwa sub-concepts are related to each other asderpey

are located within the same super-concept. Thexefother ontological subservices would appear @ th

recommendation list for that volunteers if and oiflthey are located within the same super proposed

services. For each one of this subservice, thentgub calculates a trust value for only subserbiased on

the following heuristics:

- if this subservice is offered by more than 3 soagsociations that the volunteer has previousiysde
with(which is identified throughas_charityattribute)

- if this subservice is applied by more than 3 friapgearing within the friend list of that volunteer

Step 3 Weight allocation for semantic distance servigesuristic ontological features)

Identify other sub-services that are proposed withe geographical location, have inheritance igrahip

according to the concept taxonomy of Figure 2, match the stated heuristics, Then, compute semantic

similarity which represents indirect relationshiat states that each two specialized concept&ssesimilar

than general one. Therefore, it is considered amba half trust value than other subservice (s e

multiply it by %%).

Heuristic Weight (subl) = “2[number of approved service by social assagiatiotal number of services +

number of friends apply sub1l /total number of fdgh

Step 4 Arrange the service in ascending order accortintheir score and present it to the volunteer to

select.

Usage Scenario

In this section, we show an instantiation of thepmsed Ontological Recommender technique thatpieab
within Society in hand. Society in hand is a sociatwork that has been developed using java (J2EE)
integrated with MySQL database to implement thekiend while css , javascript and Yui tool are used
implement the front end. Society in hand is avddain both English and Arabic language Figure 5
represents a snapshot for the system that showe¢bhexmended services to a specific volunteer.

: [l el
a 1L 1932271455 etyinHand/Register O ~ B © X || [& ocietylnHandl..5 i

Society In Hand ! wﬁ

Services

Immediate Services

Service Name = Sub-Senice Name Organization Creation Date Expire Date  City Area Assigned
Health care senvices  Free of charge surgery help 2012-02-22 2012-02-23 Cairo  Rod Al Farag

Health care sevices  Free of charge surgery help 2012-02-22 20120223 Cairo  Rod Al Farag
in-kind assistance Cloths Society For Help 2012-02-19 2012-07-01 Cairo Nasr City

Health care senices  Free of charge surgery  Society ForHelp 20120219 | 20120701 Cairo  Masr City

1 10 -

. e F b

Figure 5. List of recommended services

It is interesting to briefly present a naive usagenario of our system. First, a volunteer sign®in
the system identifying her/his personal informatis well as proposed-services. Then, his servige pa
could contains a set of recommended services thatolld assigned or deny. This set of recommended
services is generated based on the static featNesd, when the volunteer applies the service hddco
confirm applying this service and accordingly tleial association could rank the work of the vohant All
this information is used to update the user prafild therefore whenever the user accesses thersggsan,
he would obtain another list of recommended sesvitased on her/his updated profile. According ® th
developed algorithms, the number of recommendedcssr to the volunteer and number of recommender
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volunteer to a social association increase usingaséic matching compared to static matching ascatdd

bv Tables 2. 3 respectivelv. )
Table 2. Comparison between static and semant Table 3. Comparison between static and semantic

matchmaking for volunteers matchmaking for social association
Number of Recommended Sengce Number of Recommended volunteers
Static matchmaking  Semantic matchmaking Statitchmaaking Semantic matchmaking
Voll 2 9 Orgl 10 30
Vol2 0 5 Org 2 5 20
VolI3 4 11 Org 3 6 10
Vol 7 9 Org 4 9 25
Vol5 9 15 Org5 7 15

5. CONCLUSION AND FUTURE WORK

Knowledge sharing within a specific community iftical to success of that community. The flow
and transaction of appropriate knowledge to appatgrmember(s) is crucial. Enabling semantic for
knowledge sharing would enhance interactions beatwaembers working in the same community (either
individual or organizations).This paper describesatological based social recommender systerardets
utilizing social network to help the society to lablorate and provide dweller with adequate servibas
would help to face their daily challenge.

Accordingly, knowledge sharing and transfer amontunteers, and social association would be
applied in an effective way with the aim to provislacial and community services to people needethi.
basic idea is to help social associations, whieghsametimes not able to serve the huge number eliew
due to limitation in its resources, with suitablelunteers who intended to provide their help irfedént
domains such as (health care, education, etc).a@pnmoach is oriented to utilize user modeling imitbocial
network environment through which different ensitisuch as volunteers and social associations could
interact. Therefore, the proposed system would eontihose parties with each other’s in order tareggmte
the overall activities to help poor people. Applyisociety in hand would raise the effectivenessghef
voluntary work within the society and contributeetiolargement of charity network since it offersurgkers,
appropriate channel through which they would camay their effort and encourage them to participate
community services. One of the expected impacthebystem is to involve diverse citizens of theiety in
the social work and to bridge the gap between diffelevels of community which is required from pkn
living in the same country. Currently, the field ofoud computing has developed options that allow
capturing different types of information using sdaietworking. Therefore, we aim to extend this kvand
utilize cloud computing technology to extract marmwledge about the users of the systems thatletirie
dynamic profiling of the users. Also, in order tgoand the usability of the system, we intendedmiabée not
only communication through web but also through ireottevice and add other location based featurels su
as allowing volunteer to interact with each otheraxding to their current location.
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