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ABSTRACT

The practice and method of collaboratively creatind managing tags to annotate and categorizerntdras
resulted in the creation of folksonomy. Folksonaypeovide new opportunities and challenges in igld bf
recommender systems. Despite the considerable dambuasearches done in the context of recommender
systems, the specific problem of integrating tag® istandard recommender system algorithms is less
explored than the problem of recommending tagdaBotative filtering is one of the popular approasiior
providing recommendation. However, despite the [@ojiy of collaborative filtering, to some exteiitcould

not recognize the preferences of users in cold-stanarios, where insufficient preferences arecésted to
certain users or items, which leads to degradeshmeendation quality. This study presents a collatbe
filtering approach based on the expansion of usags. In this case, semantics between tags canvedled
which subsequently resulted in the identificatidrs@mantically similar users. Experiment on refa-tiataset
shows that our approach outperforms the statees&thtag-aware collaborative filtering approacimeterms

of recommendation quality particularly in the caldit situation.
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1. INTRODUCTION Tags co-occurrence has been widely used to findasity
between users. However, relying on co-occurrence
Social collaborative tagging systems, also known asinformation alone unable to unveil the semanticilahity
folksonomies, act as a web-based system that allsets  of interests among users.
to easily annotate their content or any conteritdbmeone Furthermore, most  existing  studies  on
else has authored with arbitrary terms. These atioos or ~ recommender systems with tags are limited to tag
tags are made in many ways such as editing, ratingsuggestions and recommendations in order to help
organizing and classifying. Nowadays, these weledas USErs annotate a related item. _
systems are becoming more popular among web UEers. T_hls _study focuse_s on improving the recommendation
example, sites such as Flickr, Del.icio.us, lastdmd quality n collaborative filtering recommender syt
YouTube provide users the ability to freely anretintent ~ °Y_tackling the cold start problem. We proposed a
. . . : method that expand user tags to further unveil the
of interest to them. Due to the growing populaofysocial

laborative taqai " h h semantic relation between these tags. The semantic
collaboralive tagging sSystems, many researchers Nav q\ation petween these tags are then used to fied t

recently focused on developing recommender systemmilarity between users within a collaborativefilng

thatincorporate social collaborative tagging; (Leed  environment. Recommendation of items are baseti®n t

Brusilovsky, 2011; Xuet al., 2011; Paret al., 2012) to  socijal ranking of items, which is semantically tethto

mitigate the limitations of traditional collabonai filtering the tags that the similar users have created.

systems such as “cold-start” users and the datsitgpa The rest of this study is organized as follows. hbgt

problem, which leads to degrade recommendationtgual section presents an overview of the traditiondbbokative
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filtering approach and related work. Section 3 dess the
proposed approach. Section 4 and 5 provide descripf
the experiment conducted and discussion the expstim
result respectively. Finally, our conclusion andediions
for future work are detailed in section 6.

2. BACKGROUND AND RELATED WORK

Collaborative Filtering hereinafter (CF) is consat
to be the best recommendation technique that atésma
the process of the “word-of-mouth” paradigm in
estimating the utilization of unseen items by arug@e
main two approaches in CF are the item-based agiproa
and the user-based approach (Su and Khoshgoft{9).2
Usually, the recommendation process in both ofeh@s
approaches involves three steps. The first stdmdsg a
similar pattern for the target user and other ubelding
similar preferences to form a group of “neighbowdio
users (“similar items” is the term used in the Heased
approach). This step considered the most critacst th a

items which commonly referred to as “folksonomy”
(Mathes, 2004). As a consequence, the huge amdunt o
users contributed data available in folksonomies ha
attracted many researchers to propose novel metiods
improving current recommender system.

Different methods for exploiting tags in a folksomp
have been proposed in the last years to improve the
recommendation quality of current CF systems. For
instance, Nakamotet al. (2008) proposed a tag-based
contextual CF recommender system; the main ideagbei
torepresent users profiles by using their creasgs bn
items. Sen et al. (2009) propose a tag-based
recommendation algorithm called “tagommenders” Whic
can be used to predict user preferences for itersschon
their inferred tag preferences data. Wastgal. (2010)
proposed a similarity update method that usestbetags
to retrieve nearest neighbors users for the targmt The
underling idea of the proposed similarity is basadising
both usual users rating and tagging data to fieccthsest

CF recommender system, because differences in thesgeighbors for the target user. Nakametoal. (2008)

like-minded neighbours lead to different
recommendations, which influences the quality o th
recommendation process (Sarwar al.,, 2000). The
similarity can be calculated using a similarity ccadtion
method such as cosine similarity (Su and Khoshggfta
2009). Hence, in the traditional rating-based G€ feature
vectors elements are users rating on items. Oneseth
neighbors have been identified, the next stepagptbcess
of estimating the prediction value of particulaniis, which
influences the degree to which the target useikédylto
prefer the recommended items. The greater the nuaibe
similar users found in the recommendation envirantrfer
the target user, the more influence the user hashen
process of estimating the prediction value for ansems.

proposed to use tags and time information whenigined
user preferences and consequently exploit such
information to build an effective recommender syste
Kim et al. (2010) exploited tags to enhance the
recommendation quality in CF where the tags crehted
the users were employed to predict user preferefures
certain items. Paret al. (2012) use the data mining
clustering techniques to cluster the users baseth@n
tagging behavior instead of their similar ratinghééor.
However, the number of clusters has to be defined
because, in the case of a huge tagging spaceerihgst
can be computationally expansive. Furthermore, what
score should be assigned to a user who does matdity

into the cluster remains a question. This apprastih

The last step in the recommendation process is theuffers from cold start and data sparsity problems.

presentation of a list of top-N items with the lagh
predicted values, which are recommended to thettasgr.
The target user then will decide whether they dgtlike
these top-N items (Su and Khoshgoftaar, 2009).

However, in social tagging systems users tend notate
a small portion of the shared items that considered
interested to them leaving most of other items evith
tagging. This lack of sufficient tagging (i.e., dedtart

systems (Bobadillat al., 2013). It refers to a situation

In this study, we present an approach to overcdme t

where no historical ratings on items or users arecold start problem by exploiting social tags. Wesider
available. This situation usually leads to degradedsemantic tag expansion in order to discover likeetad

recommendation quality.

users. We expect this will be more useful not oinly

Tagging is now becoming common in the Web 2.0 era.overcoming the cold-start problem, but also in izéad

Social tagging systems allow users to assign cb(items)
with a freely chosen keyword (tag) and share thath w

other users (Golder and Huberman, 2006). Tags @nabl

users to simply edit, rate, organize, categorilessdy and
search for items. The result of user tagging inestagging
systems is a richly connected network of userss taul
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better user perception of relevant items.

3. PROPOSED APPROACH

The inherent idea of exploiting social tags is to
build up relations between existing items with new
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ones. Theoretically, this mechanism will be ablsdtve basis of the co-occurrence distribution betweers tag
the issue of cold-start mentioned earlier. The nidéa the context of items in a folksonomy.
behind our proposed approach is to expand useys’ip Budanitsky and Hirst (2006) pointed out that siritja
considering synonyms and word co-occurrence. AB sUc can be considered as a special case of relatedeeasse
similarity between users can be further enhancetl an poth are semantic notations. Therefore, we propssey
lead to better recommendation quality. An overvielv  co-occurrence-based information to identify sencatiyi
our proposed approach is as showkii 1. related tags, where two tags are considered reiathdy
3.1. Representation of User Tags frequently co-occur in specific resources. Wartehal.
(2009) proposed an approach to define the co-cacer
We based our approach on the tripleader, item,  relation between tags in social tagging systentfisilasvs.
tag representation which is widely adopted in the

collaborative tagging community. A folksonomy ca@ b _____Collaborative (social) tagging
seen as a set of triples. Each triple representsea’s ,,":_U_SE_I‘S__.W Tags I_Te_nls_::\‘
annotation of an item with a tag. Technically hiéte is ] ‘.< ’ H
a list of users U = {Uu,Us,...... ,u}, a list of items I= User 1
{my, m, m,,...... , My} and a list of tags T= {t t, Y- ° &
ts,......, i}, the folksonomy is F %U,I,T,Y), where Y is § User2 .

the user tag assigned to an item (&wl., 2012). Note UQS
that the traditional CF approaches cannot be usedtlg 2 ’

on folksonomies because traditional CF generalbrates N _U?:j__\j , ;
on a binary dimensional relation between usersitanas. ‘\\_ //'
While in folksonomies there is a ternary dimensiona T~ 6 S'er't;;sl """""""
relation between users, items and tags, thereiforerder S S SN .

to apply traditional CF in folksonomies the ternary ‘,f"
relation has to be decomposed or reduced to a lower

dimensional space this leads us to consider thefemsteire
as a vector of tags posted by the user. For exarngfg. @ @
1, the user usgngged itenwith t; and $ which can be

[ Semantic tag expansion ] 5

N

represented as 5o, (t)>. [ Tag co-occurrence J ( WordNet related tag]
3.2. Semantic Tag Expansion distribution synonyms
; . _ 1 |—n| Tag synonyms
WordNet is a large lexical database comprising of ™ _ A
nouns, verbs, adjectives and adverbs that are gdoup B ety I R -
into sets of cognitive synonyms (synsets) (Fellbaum /P_be_l_nlofil __________ R

1998). Synsets are interlinked by means of conedgptu 4
semantic and lexical relations. The terms whichd bk [

A Y
User-user tag synonyms
semantic similarity

same meanings are referred to as synonyms and those ¥
that belong to the same concept are in the samsesyn : [ Semantically k-nearest ]

. ; ighbors
Through these relations, WordNet provides a metiood nelg*m
identify semantically similar words. When the systis [ o ]

. . .. Social ranking
given a word, semantically similar words can be
identified by searching words in the synset of gineen - *"\I)
op (T
[ recommendation J ¥

word. However, the exploitation of WordNet in sdcia

tagging has limitations, according to the naturethof e S r——— -
tags because, for example, some keywords may Iigtt ex 1

in WordNet. Also, WordNetdoes not cover domain- o

specific words. To overcome these limitations we Target user

proposed to exploit the internal structure of a
folksonomy to identify semantically related tags the Fig. 1. System overview of our proposed approach
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Let n (m,t)be the number of occurrences of tag t on Tg" The synonyms of tags posted by user u on
item m, letn(t)=3(m,t) be the number of occurrences item m
m

% The synonyms of the tags posted by user v
onitemm

of tag t and letN(t) =3 n(m,t) be the number of tag
t

occurrences for item m, where m is an instance, of | mOm,, = Which is the co-tagged item between user u

mQl. In (Wartenaet al., 2009), the similarity between and v

two tags t and § is the weighted average of the tag

distribution of items, which denotes the co-ocawree

distribution between tags for such an item. The co-

occurrence distribution between tags for all itéma social

tagging system is calculated by Equation 1.

The higher the UTSsim value between the two users
the more similar they are. Finally, for a given ruseve
determine the top k users with the highest UTSsim f
useru. We denote this set as a set of Semantically
Nearest Users (SNU) and define it as follows Equét

Py, ()= Y (b, Im) Q(m 1 ) D sNU,(u)= argmaygy g ( UTSsih u)) ©

mOl
Where: 3.4. Item Recommendation

When the set of k semantically similar users hanbe
identified, the last step consists of the actualdfmtion
for each item and the generation of a top N list of
recommended items. In our approach, the basic afiea
. . estimating relevant unseen items for the target sisets
3.3. Ge_neratlon of a Semantic-Based from the assumption that the user prefers itemishiee
Neighbor hood been tagged by like-minded users. We describe this
One of the critical tasks of a user-based CFassumption as a Semantic Social Rank (SSR) from the
recommender system is the generation of a setkef li Set of SNU and defined as:
minded or nearest neighbor users who have sirageg to
the target user. Consider two users, u and v, winergU. SSR(u,) = z UTSsirfi u,lx  soical rafik) (4)
First, we obtain items gl which are sharable in terms of VOSNU, (u)
tagging behavior between the related users. Fdr am
mOm,, we present each user with the tags that have beekiVhere:
posted by user u and v. The tag posted by useritefo m r = The items that have not seen by user u;
can be identified by T = {t OTXn{tx(m)}}. All tags UTSsim = User tag synonym similarity value
posted by user u on item m are identified between two users’ u and v
by T.:={t,0T |OmO1:T"OT}. Each tag t, OT™is Social rank = The rank value from semantically dike
v minded users

o]
—
3
-
NI

Q(mlt) =

expanded to its corresponding synonyms. Conseguérel

set of user u tags on items are expanded to afdago The social rank is equal to 1 if the item has been
svnonvms Ts™ such that T™ =@, which means the annotated .by semantlcally neighborhood users; wiker
ynony Su T&nT the value is 0. Finally, a set of top-N ranked iethat

tag is not considered as a synonym for itself. obtained higher SSR scores are recommended taiuser

The similarity between two users based on tag
synonyms is denoted as the UTSsim. User tag synenym 4. EXPERIMENTAL EVALUATION
similarity between two users for a specific item is
calculated using dice similarity as follows Equatib 4.1. Dataset

We conducted our experiments using HetRec2011-
) ‘TSTH Téﬁ‘ movielens-2k dataset (http://www.grouplens.org).eTh

UTSsim( u,y = z %m (2) dataset is an extension of MovieLens10M dataset,
mom, published by Group lens research group. It links th
movies of MovieLens dataset with their correspogdin

Where: web pages at Internet Movie Database (IMDb) and
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Rotten Tomatoes movie review systems. It contains

rating and tagging information of users and items.

The measure has an advantage of summarizing
effectiveness in a single number instead of indigid

One of the major issues when dealing with tagging measure of recall and precision.

data is the quality of the tags because tags ardsaar
combinations of words that are freely assigned $8rsi
In order to ensure the quality of our experimerd #&s
findings, it is necessary to remove meaninglesa Ot

4.3. Comparisonswith Baseline Approaches

We refer our proposed approach as Semantic Tag

filtering the dataset. Since our proposed approachEXPansion Collaborative Filtering (STECF) and
depends on co-occurrence distribution, we removedcOmpare with two baseline approaches in a cold star

meaningless tags, i.e., tags that had not beegrassio
at least two items and items that had not beentatet
by at least two tags, because this would leadziera co-
occurrence distribution score with other tags. Tihal

pruned dataset used in our study consists of the
following: 2,077 users, 4,480 items, 46,528 tagging

records and 8,866 tags.

The main problem when trying to map tags in the

datasets to WordNet lexicon is that not all thestay
the dataset are recognized by the lexicon.

were not in WordNet lexicon.
4.2. Evaluation Metrics

To evaluate the performance of our proposed
approach, we adopted two famous metrics from the*

information retrieval field, namely, precision aretall,

which judge how relevant the recommended items are

to the target users (Herlocket al., 2004). Precision
measures the ratio of the number of relevant itemes
list of recommendations out of all items retrieved.

Recall measures the ratio of the number of relevant

items retrieved to the total number of relevanmiein
the test set. In our experiment we withheld thenge
that had been previously tagged by the target asdr
then calculated the precision and recall for thgat
user u, as follows; where Test (u) is the relevtams
for user u in test set and Top M (u) is the top M
recommended items for user u Equation 5 and 6.

Precisior( y _lTESI(Tuz)SN'(I'S)pN Y (5)
_[Test( g n TopN g
Recal( Y = Test U] (6)

For
MovieLens data set, 37% of the tags in the dataset

situation. The two compared baseline approaches are

e User-based Collaborative Filtering (UBCF).
UBCFisa conventional user-based collaborative
filtering approach based on auser-item
relationship, or auser-tag relationship. In our
experiment the similarity between two users is
calculated in three different ways: (i) using the
classical cosine similarity of users tags set
(denoted asJBCF-Tag-cosine-sim) (Sarwaret al.,
2000); (ii) using the overlapping principle of user
items sets (i.e., the User-item mapping) (denoted a
UBCF-Item-overlap-sim); and(iii) using the overlap of
users tags sets (i.e., the User-tag mapping) (elebract
UBCF-Tag-overlap-sm) (Jaschket al., 2008)

Item-based Collaborative Filtering (IBCF).
IBCFis the conventional item-based collaborative
filtering approach based on theitem-user
relationship, oritemtag relationship. The same
similarity measures in UBCF is implemented in
UBCF and respectively referred them BCF-Tag-
cosine-sim, IBCF-ltem-overlap-ssim and IBCF-Tag-
overlap-sim.

4.4. Evaluation Protocoland Settings

To evaluate the performance of our proposed
approach, we used the so-called back testing
approach, which is common in recommender system
evaluations (Balujaet al., 2008). The dataset was
divided into five portions and each fold was used®
as a test set. In this way, 20% of the datasetuses
as the test set and 80% was used as the trainin§are
each user in the test set, 20% of items in the user
profile were used as the test set while the remgini
80% of items of the user profile formed the tragset
to generate the recommendations for the 20% ofsitem

Another effectiveness measure used is the Flin the test set. Finally, the values for our evtihra

measure which is defined as the harmonic meancaflre
and precision as follows Equation 7:

metrics of the validation items were then averageer
the five folds. We adopted this approach to enshia¢
the result would not be biased toward a particular

1= 2% recali precisior @) test/training portion for each user with profildsat
recall+ precision might be easier to predict. This means that our
1170 JCS
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proposed approach can make equal recommendationsetween users/items profiles vectors which makes th

for all users, not just for the most active ones. calculation of the similarity between users/itenefficient.
We test the performance of the proposed approach
STCF in a cold-start situation, where traditiongf C 0.7

recommender systems is generally unable to provide
a high recommendation quality, due to insufficient 0.6
users or items preferences in case of user-baséd an

item-based CF. In order to simulate the cold-start =0.5
situation, we considered users who had 5 tagging =
records or less on the training set as cold stsetsu 0.4
Similarly for item-based CF, items which annotated
with less than 5 different tags or less in the rirag 0.3
set considered as unpopular items.

0.2

5. EXPIRMENTAL RESULTS
0.1
In this section, we present the results of our

experiment with respect to the average improveroént 0
recall, precision and F1-mesure achieved by the 5 10 15 20

proposed approached compared with the baseline
approaches. The experiment to find the top N
recommended items was performed with various BSTECF # UBCF-Tag-overlap-sim
numbers of recommended items; we considered N from = B CF-Tag-cosine-sim < UBCF-item-overlap-sim
5 to 20 with an increment of 5 for each user in tiwt
set. Science in real environment users inclined to
choose items with higher ranks. Furthermore, bezaus
the size of the k nearest neighbours significantly rig 5 Top-N Recall comparison with increment of
influence the recommendation quality in CF recommended items

recommenders systems (Herlocletral., 2004). Based

Number ofrecommendeditems

LU IBCF-Tag-cosine-sim #TBCF-Tag-overlap-sim
8 B CF-user-overlap-sim

on a subsequent experiment most of the presented 0.12
baseline approaches obtains a best performance at k
value equal to 10 with respect to F-measure as a 0.1
judgment metrics. Hence, a value of k is equal &8 h e
been considered in the expiremnts. 70.08
Figure 2 to 4 respectively presents the average recall, E
precision and F1 measures achieved by our proposed 0.06
approach (STECF) in a cold start situation as coetpto 0.04
the baseline approaches. '
6. DI SCUSSION 002 |
The result inFig. 2 to 4 show that the proposed 0
STECF approach achieves the best performance with 5 N 10 5 20
. umber ofrecommendeditems
an average improvement of 51.5, 6.8 and 11.7% as
compared to the baseline approaches in terms of WSTECF #UBCF-Tag-overlap-sim
recall, precision and F1-measure respectively. #UBCF-Tag-cosine-sim “UBCF-item-overlap-gim
The previous results illustrate that the baseline  =IBCF-Tag-cosine-sim % IB CF-Tag-overlap-sim

approaches are unable to achieve good recommendatio  mgCF-user-overlap-sim

in a cold-start situation as too little tagging ferences

are available about the users or items. Hencelitthe  Fig. 3. Top-N precision comparison with increment of
available preference (tags), result in a mismatciblpm recommended items

///// Science Publications 1171 Jjcs
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0.18
0.16

0.08
0.06
0.04
0.02

5 10 15

Number ofrecommendeditems

20

BSTECF

# UBCF-Tag-cosine-sim

% UBCF-Tag-overlap-sim
“UBCF-item-overlap-gim
#IBCF-Tag-cosine-sim #IBCF-Tag-overlap-sim

B IB CF-uger-overlap-sim

Fig. 4. Top-N Fl-measure increment of

recommended items

comparison with

As a result inaccurate recommendation is produ@ed.

7. CONCLUSION

To date, most CF recommender systems suffer from
the cold-start and data sparsity problems whichtlage
case of insufficient availability of users or itedagging
data. In folksonomies, users tend to annotate dl sma
portion of the shared items that considered intedeo
them and leave the remaining items untagged. Hais |
of sufficient tagging can significantly impact
recommendation quality. Therefore, this study pneesd
an approach for deriving the semantic similarityween
users by exploiting the semantic expansion of tesgs.
Such semantic expansion similarity helps to enhainee
recommendation quality of CF recommender system and
alleviate the cold-start problem. The idea steramfthe
believe that, ‘similar’ tags provided by differensers
might indicates their relatedness and potentialtirfpr
recommender systems. However, most tagging aetiviti
are with little to no control in terms of terms and
vocabulary used. Therefore, different tags can
semantically mean the same. Therefore, in order to
overcome such a situation, we used WordNet totassis
measuring the semantic relatedness between tagse In
case of non-existence words in the WordNet database
the co-occurrence distribution measure is used.

the other hand the proposed approach was able to Evaluation on the MovieLens dataset has shown

exploit the little information available and ovemnte
the mismatch problem by enriching the users profile
vectors with more semantically related preferences,
resulting in relevant items which do not taggechvitte

interesting and promising results. The proposedagmh
outperforms the conventional CF approaches in teyins
precision, recall andF1 measures in a cold-staratin,
which indicate that exploiting semantic tags infation,

same tags but have been tagged with semanticallgan improve the quality of item recommendation and

relevant tags will be recommended.

From Fig. 2 and 3 we can see that the
recommendation performance improved with the
increment of the Top-N recommended items in terms
of recall, however the precision is gradually
decreases. One possible explanation for this result
that with the increment of N recommended item, will
result in more false positives recommendation,
thereby resulting in low precision, but true poss
are likely to be returned resulting in higher récal
values. This pattern of findings is very common in
information retrieval research.

The overall results illustrate that STECF shows a
significant gain in recall, precision andFl-measure
compared with other baseline approaches, which
conform that the STECF approach can deal bettdr wit
the cold start situation and recommend better
semantically related items with higher rank comgare
with the baseline approaches.

////A Science Publications 1172

alleviate the cold start problem in conventional CF
recommender systems. However, no doubt that the
complexity and extra processing required to perfeinm
semantic processing might be the setback of thisoagh.
Potential future research works include integratisgr's
tags with other user’'s preferences such as usermgrat
blogs and reviews to improve the recommendatiotitgua
Furthermore, with the emergence of Semantic Web and
particularly Linked Open Data (LOD) (Heath and Bjze
2011), expansion of tags to such open data is enoth
potential work in this area.
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