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ABSTRACT

The Multi-Criteria Recommender systems continue he

interesting and challenging problem. In this paperwill propose
an approach for selection of relevant items in a lRSed on
multi-criteria ratings and a method of computingigi¢s of

criteria taken from Multi-criteria Decision Makir(yl CDM). This

method proposes a correlation coefficient and stahdeviation
integrated approach for determining weight of ciéteén multi-

criteria recommender systems. We evaluated theopempmethod
on an example of movies recommendation. Our approeas
compared to some other metrics used in Informafibeoretic
approach to illustrate its potential applications.

Categories and Subject Descriptors

H.1.1 [Information Systemg: Models and Principles Systems
and Information Theory [Value of Information]

G.3 [Mathematic of Computing]: Probability and Statistics
[Statistical Computing]

J.1 [Computer Application]: Administrative Data Processing
[Business]

1.6.4 [Computing Methodologie§: Simulation and modeling
Model Validation and Analysis [Value of Information

General Terms
Algorithms, Measurement,
Experimentation.

Performance, Design, Riiig,
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1. INTRODUCTION

Recommender systems (RSs) [3][15] capture intemeste and
more and became an important area of researchkgttantheir
help for users to discover potential interestirgmis easily and
quickly. Despite of the overload of informationthe internet, RS
allows users to accede to a limited amount of itera$§ filtered

according to user’s preferences, instead of crgntirousands or
hundreds of items until finding the most adequate.

RSs are important tools to mine content items andédtiective
users’ opinions in order to suggest the userstéras they might
prefer and to provide the users with the informatio help them

to make a decision. They are more and more commasgy in
community based online places such as shoppings, site
subscription service sites and online meeting pldoe various
interest groups to recommend items to the communiéynbers
that they are likely to appreciate.

Despite much of the work that has been done ortdbis, several
interesting research directions remain unexploiRdaders are
referred to the review work [1] for an overview dhe
recommender system literature and several integestgsearch
ideas.

RSs match a user’s attributes to the attributethefitems in the
system and identify items that might be of inteteshe user. The
user for which recommendation is being generatekh@svn as
the active user.

RSs work through two phases: prediction and recamdiagon

[28]. In the prediction phase, the rating of ammittor a specific
user is estimated through a utility function basedthis user’s
past historical ratings, or the content of a paféic item, or the
user profile, etc. The recommendation phase takase pafter

predicting the ratings of all the candidate itemsthe user, where
different strategies are used to choose the mdisthéel items to
support the user’'s decision. However, a broad recendation

process includes both phases.

The most popular classification of recommenderesystin the
literature is based on how the recommendationsnade, i.e., the
recommendation approaches. Therefore, recommengsenss
are usually classified into three categories:

a) Collaborative filtering approaches — recomméndais based
on the items liked before by the other people withilar tastes
and preferences [5] [19] [20] [30] [31];
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b) content-based approaches — recommendationsedban the
items that have similar content and characteridticthose the
user liked before [16] [17] [24];

¢) Hybrid approaches — the different combinati@fisCF and
content-based approaches [8][11][29].

These techniques are considered as classical tpEmsince they
reset only on single-criterion evaluation of itewisere the user is
invited to evaluate items by giving one rating tbe item in
gross, but in the other side the evaluation proéessibject of
several separated criteria, as is the case ofurestis, a rating can
be shared between for example: food, service, déoar, etc....
Hence, the usefulness of Multi-Criteria RSs.

The RSs use several data analysis techniques teedeood
recommendations for users. In our paper we wiletak interest
in another extension of RSs —MultiCriteria onesattpermit us
studying our data and extract the most significéeins while
taking inspiration of a Multi-Attribute Decision Ming
discipline.

This paper is organized as follows: in section & present related
works done in the context of recommendation teaesqwhich
include the first three parts devoted for the défe techniques
used on RSs. Section 3 concerns the different Miritéria
aspects starting by the role of Multi-Criteria ihet decision
making process, followed by the Multi-criteria RS¥e end this
section by establishing analogies between the tietdsf of
decision making and RSs in the context of Multit€ia. In the
section 4, we focused on our approach. We proposabpective
weight determination method
determining the weights of attributes, to provideidion supports
to MCRS problems. In section 5, we will presentsamethods
used for selection of relevant items from a larggadet, our
application and a discussion of the results. Fnak conclude by
the section 6.

2. RELATED WORKS

There are many types of Recommender systems, e&chas its
different approaches and can be used in differemtext
according to needs. This section will introduceeflyi the
different approaches used in recommendation.

2.1 Content-Based Recommenders

The recommendation’s process using the contentdbagproach

is carried out in the following steps [16] [17] [24

1) Item representation: is performed by the moduleaftent
analyzer, which use information source coming fribems’
description, treat them to extract features andllfirproduce
structured items’ representations. These last &oeed on
“Represented items”.

2) Learning a user profile : is handled by Profilertea , this
module requires two types of inputs:

» Feedback: this repository serves to construct amtepthe

profile of an active user, his reactions againstmg are
called annotations / feedback and can be used tater
improve and up-to-date user’s preferences.
The feedback can be implicit or explicit, the fornean be
inferred automatically by monitoring user’s behasi@and
analyze it later, the latter consists in asking tiser to
express his appreciation towards an item, on vaneays:

called CCSD method for

Like / dislike: binary feedback, the user evaluates

items as being relevant or not for him.

Ratings: the user assigns a score to an item, based

rating scale offered by the system.

Comments: the user expresses his appreciation avith

text without imposing on him, the way to do it. $hi

method seems to be the most complicated, as itresqu

an intelligent system, which can interpret the tent

decide if the comment seems to be a positive /thvega

feedback.

e Training seffRk: it's a set of pairslIy, R,> which are
extracted from the “represented items repositowfiere
Ry, is rating of the itent, provided by the active usey.

Feedback and the set of pairs are gathered todmegsed
by the Profile learner to generate a user profilhich is
stored in “Profile repository”.

3) Recommendations’ generation: when a new item cothes,

filtering component module compare item’s featuweish
representation of user's profile, to suggest thestrikely
interesting itemd., (List of recommended items to the active
user).

The filtering component module can include also tbp-
ranked items, td,, taking into account that user’s preferences
can change in the time. In this way, the user'dileravill be
updated automatically, once tHg is shown to the user,
letting him express his satisfaction against iteafsL, .
Therefore, the feedback is returned to the profdarner
module, in order to execute the learning processnagnd
update the profile for user, .

2.2 Collaborative Filtering Approaches

The collaborative recommendation (abbreviated CRe a
considered ([19], [5]) as a successful recommeadatnd widely
used for their ease of implementation. The mairaidé these
approaches is that if certain users shared the gsastes and
preferences in the past, they can have the sanuereies to
choose similar items in the future. The rationaléoai filter items
that are likely appreciated by the user from adasgt of items,
relying to preferences of similar users.

CF approaches [20] [21#on’t exploit or require any knowledge
about the items themselves as content-based apgoao (e.g.
genre, author of the book), but rather rely onlyratings of the
actual user as well as those of others that aseptén the system
to infers similarity between either users or iteffike advantage
of this strategy is that these data do not haveetentered into the
system or maintained, also recommended items aieuga novel
and not with same content as recommendations dfféng
content-based recommender .

As shown in Figure.1, the sum of ratings gathéreoch users can
be represented as a userltem matrix, with an entryr,;

representing either the rating usegave to iteni, if he rated it, or
null otherwise.
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Figure 1. Userx Item Matrix (m xn)

The classical CF technique is based mainly on nuiteria
ratings, i.e. the user is invited to mention hisn@m on an item
by giving one and only oneating’s value that corresponds to an
overall rating given generally to this item withaeglly knowing
the reasons behind. The Table.1 below shows wisitslbke the
dataset constructed based on single-criterion Elfmigue.

Table 1. Example of mono-criteria ratings

Item 1 Iltem2 Item 3 Item4
Userl 5 7 5 7
User2 5 7 5 7
User3 5 7 5 7
User4 6 6 6 6
User5 6 6 6 6

2.3 Hybrid Recommender Systems

Each approach of the existing recommenders differa another
in terms of inputs required, and has its pros ams @specially in
terms of data Sparsity, cold-start problem and ramgproblem.
So, Hybrid systems [22] was appeared to cope \hidse flaws,
by mixing different types of inputs as the aforetiwmed and
combining two or more algorithm's implementationsr o
recommendation components within signal recommender
system. In order to benefit from strengths of tharious
approaches and alleviate their shortcomings, whighroves the
recommendation’s accuracy.

When it consists to hybridize two algorithms or mavithin a
single recommender system, we must take into a¢ctwa
dimensions. The first dimension is the basic recemation
paradigmsthat define on which the hybrid recommender will be
based, and what inputs are required. Concernings¢vend is
Systems’ hybridization design [23]24]: that describes the
strategy used to combine several recommendatidgésitnms or
components within the hybrid recommender. Burk’soteomy
[22] distinguishes between seven strategies to amnbeveral
recommendation algorithms.

These techniques are considered as classical oresthey reset
only on mono-criteria evaluation of items where tiser is invited
to evaluate items by giving one rating for the itengross, but in
the other side the evaluation process is subjectseferal
separated criteria. Hence, the usefulness of Miriteria RSs. A
recent overview on research in multi-criteria R& ba found in
[28]. A systematic classification of such multiteria
recommender systems and, more generally, systemsnidti-
criteria decision making and optimization is praddby [27]. In
the context of more traditional recommender systef@§]
identify the following categories of existing syste which have
some form of a multi-criteria nature:

(1) Systems such as classical content-based recodarg which
try to learn content based preferences based xfingle, on the
given overall ratings for the items. In classicafformation
retrieval (IR) scenarios, the learned user profibe instance
consists of a vector containing a relevance-weibhist of the
terms appearing in the documents.

(2) Systems for content or item retrieval that llosers to state
their generalpreferences using a set of (predefined) categories.

(3) Multi-criteria rating recommenders, in which ets are
allowed to specify their preferences (ratingsy individual
productsalong different dimensions.

Recently, Liu et al. presented a multi-criteria amenendation
approach which is based on the clustering of y2éis Their idea
is that for each user one of the criteria is “dcemniti and users are
grouped according to their criteria preferenced.[AOprediction
for a user is then based on the ratings of othersuselonging to
the same cluster. To determine the importance efdifferent
criteria, they apply linear least squares regressassign each
user to one cluster, and evaluate different schefoesthe
generation of predictions.

Our aim is to propose a method in which we trieddentify the

reasons behind which an item may be deemed rel¢wahe rest
of the items based on the notionasiteria. Since the problem is
selecting from a large dataset of items, just thtee more

significant based on their attributes, it retumsedsolving a Multi-

Attributes Decision making problem [9] which cortsi®n itself

to deal with decision problems under the preseficermmber of

decision criteria.

By applying our method we assume that we can et v& most
significant item and why .i.e. of course the resulisplayed for
the user will be easily explained, since their cida is controlled

by criteria.

The next section is devoted at first to introdudefly the Multi-

Attributes Decision Making (MADM) on which we redteto
formalize our approach; secondly we introduce theiltiM
Attributes Recommender Systems as a new type oftiRBHegin
to attract attention these last times thanks toir theility,

compared to the classical RSs, then we end by miiege
analogies between the two fields previously intaztl

3. MULTI-CRITERIA ASPECTS

Traditional CF recommenders (based on single-aiteratings)
are characterized in [14] as systems that try tonese a rating
function R: UserX Items— R, for predicting a rating for a given
user-item pair.

In multi-criteria RS, in contrast, the rating fuiect R has the form
UsersXltems — Ry X R; X... X R.. Therefore we have to
predict an overall ratingfas well as k additional criteria ratings.

The current section presents in details the differeulti-criteria
aspects, starting by the Multi-Attribute Decisionakihg field,
followed by Multi-criteria RSs, and then analogiestween the
two fields are established in the last sub-section.

3.1. Multi-Attributes Decision Making

Called also Multi-Criteria Decision Analysis (MCDA9] [13] is

a discipline, which consists on making choice of thest
alternative among a finite set of decision altaxest in terms of
multiple usually conflicting criteria (called alsaitributes). The
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objective of MCDM is to assist a decision makechoosing the
best alternatives when multiple criteria confliadacompete with
each other.

The most commonly used decision aiding methodsh sas
outranking methods and the analytical hierarchycgse, are
based on multi-criteria aggregation procedures. rabitng

methods determine which alternatives are prefetwedthers by
systematically comparing possible alternatives achecriterion.
In fact, we have taken inspiration from that tokraghe different
items based on their attributes and then select#st ones to
display for the new user, as they represent the mmsvant items.

In the process of decision making the weights otega
(attributes) play a very significant role [6]. Sanswering the
question “How to determine the weights of attrils®eis very
crucial in this field of research.

There are different methods have been suggest#igeiMCDA
literature for determination of attributes’ weight$ e method, on
which we rested on, is abjective weight determination method,
which is referred to asCorrelation Coefficient (CC) and
Standard Deviation (SD) integrated approach for determining the
weights of attributes, to provide decision suppddsMADM
problems (see [6]). The detailed approach will kgl@ned in the
section dedicated to our approach.

The multi-criteria problems are not intended forspaalization
and recommendation settings. But these problemd fime
solutions oritems that are optimal in generéle. optimal with
respect to all users), and differences in individiszr preferences
are not explicitly considered. For these reasonpted for the
choice of working with multi-criteria recommendsrstems. The
next sub-section is dedicated for introducing gelherthe
operating principle of such systems.

3.2 Multi-Criteria Recommender Systems

The vast majority of current recommender systerpe#jly use a
single criteria rating to represent the utilityaof item to a user in
the two-dimensionalsersx Items spaceThe recommendation
process starts with the specification of the ihiit of ratings that
is either explicitly provided by the users or ispimitly inferred
by the system. Once these initial ratings are §ipeci a
recommender system tries to estimate the ratingtifumR:

R: Users x Items—» Ry  whereR, is overall rating

The goal of multi-criteria recommender systemsoidind items
that maximize each user’s utility, just as in thagke-rating
recommender systems. The difference between siagteg and
multi-criteria rating systems is that the latter vhamore
information about the users and items, which careffectively
used in the recommendation process. More formé#ily,general
form of a rating function in a multi-criteria recomender system
[4][5]is: R: Users x Items—> Ry X Rix... XRy, where R is the set
of possible overall rating values arig) represents the possible
rating valuesfor each individual criterioni (i = 1, ..., k). For
example in the Movies’ recommendation, instead ofing a
movie by giving a single global rating, in YahooloMes the
user is invited to indicate four additional ratingsrresponding
respectively to Story, Acting, Visual and Directias they are the

1 http://movies.yahoo.com/

four criteria of evaluation. In the single-ratingse the rating
function R is estimated based on a sparse userrang matrix.
In the multi-criteria case, the rating databasetaios a sparse
matrix of the overall ratings, and the detailederia ratings of the
user community.

Table 2. Example of multi-criteria ratings (four criteria)

Iltem 1 Item2 Item 3 Item4
Userl 52288 75599 52288 75599
User2 5822 79955 5822 799,55
User3 5g8,2.2 79955 5g8,2:2 79955
User4 63399 61488 63399 61488
Users 63399 64488 63399 64488

The Table 2 above shows the same example presemt€dble 1,
but at this time items are evaluated according fwiteria, these
multi-criteria rating are aggregated as an avetagget the overall
rating [5]. However, in single-criteria RSs, thigarmation would

be “hidden” within the aggregate overall rating, which may lead
to inaccurate insights about the true similarity between user
preferences. In the contrary of multi-criteria RSHese
information is better identified which permits toetdct
connections between either users or items.

In [5] two basic schemes called similarity based aggregation
function based are proposed. In the similarity Hasggproach, the
similarity between users is determined based om paest rating
behavior and a measure such as the Pearson dormelat
coefficient. Different potential ways were proposed measure
the ways were proposed to measure the similaritwdmn users
based on their detailed ratings. The user’s ratfogsn item can
for example be viewed dsdimensional vectors so that standard
multidimensional distance metrics such as the Hiali or the
Chebyshev distance can be calculated. Alternativetye could
calculate the Pearson correlation coefficient fache rating
dimension individually and take the average or &salvalue as
an overall similarity metric. For computing the dlnrating
prediction, a standard nearest-neighbor approattbeaised. The
only difference between a single-rating approactl aimilarity
based multi-criteria recommendation approachestber lies in
the usage of a different similarity metric. In tlaggregation
function based approach the general and intuitssi@ption is
that there exists a relationship between the ovémh ratings
and the individual criteria ratings.

Technically, the overall rating, can therefore be seen as being
determined by a functiohof individual criteria ratingsty = f(ry,

..., ). The prediction of, for a given useu and a target iterh
can be accomplished in a multi-step process. Hirsan offline
phase, the functiohhasto be determined. One option could be to
define f based on domain expertise or by averaging therierite
ratings. A more promising approach, however, is agply
statistical or machine learning techniques to aatirally detect
the hidden relationship between the overall ratind the criteria
ratings. For example, in [5] it is proposed to ap@gmate a
function f for each item in the catalog using multiple linear
regression techniques. In the online phase, fiestctiteria ratings
r; tor, for | have to be estimated. Afterwards, the overall gatin
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can be calculated usirigFor estimating, tor,, any standard CF
algorithm can be used separately for each criterion

3.3 MADM vs. MCRS

In the previous sub-sections devoted for Multiesid aspects, a
Multi-criteria. Recommender Systems (MCRS) was presk as
based mainly on multi-criteria ratings assigneétdms according
their attributes, So each item receive a ratinglsi@ per attribute.
As our problem is summarized in the fact of findithg most
interesting items, thus the problem is none othanta simple
Multi-Criteria Decision Making (MCDM) problem, on hich
decision alternatives are simply items that arectetl based on
criteria (attributes on MCDM).

In this case the multi-criteria ratings matrix wik considered as
a Decision matrix X cited on the previous sub-sectivhich will
help us to compute weights of both attributes aehs.

Table 3. Analogies between MCDM and MCRS

MCDM MCRS

Finding best decision alternatives Finding thevate items

Decision alternatives Iltems

Criteria items attributes

Decision matrix X multi-criteria rating matrix

Xij the performance value the rating value accagydircriteria

The Table 3 above shows analogies between MCDMMGRS
that we had establish, in order to facilitate tasgage between the
two fields.

In the next section our approach will be detailettisg on what
was explained on the current sub-section and é&gipus.

4. OUR APPROACH

The motivation of this paper is twofold. First, thpoposed
method as an objective weight determination methavides a
methodological choice for the RSs and secondainalus to take
into account the dependencies between attributes.

The two basic schemes proposed in [14] cadliedilarity based

and aggregation function basedon’t take into account intrinsic
properties of items based on the attributes cdioels. In this

section we propose an objective weight determinatizethod

called CCSD method, which is referred to as cofi@ta
coefficient (CC) and standard deviation (SD) intégd approach
for determining the weights of attributes, to pdevidecision

supports to MCRS problems. The CCSD method detesnihe

weights of attributes by integrating SD of eachitatite with their

correlation coefficients (CCs) with the overall essment of
items. The CCs are determined by removorg attribute at a
time from the set of attributes and consideringdgrelation with

the overall assessment of items without the inolusof this

removed attribute. If the CC for this removed htite turns out to
be very high, then the removal of this attribute ltle effect on

recommender system; otherwise, this removed até&ibould be
given an important weight.

4.1. Extracting the Decision Matrix

An MCRS problem can be easily expressed in matimat. A
decision matrix A is an (m x k) matrix in which elent xij
indicates the performance of itegwhen it is evaluated in terms

of decision criterion Cj, (for i =1,2,3,..., m, anc= 1,2,3,..., k).

Let u, ..., w be N users who have evaluated m items based on k
criteria. As each item is evaluated by differesens according

the k attributes, the performance valigis the average of all
rating’s values given to the item i according ttilatite j by user
who voted for.

INIGDT
TN

(ri)j: The rating given by user | to item i accordingibttte j.

4.2. Computing Attributes’ Weights

Lets m decision alternatives |..,l,, to be evaluated in terms of k
attributes @, ...,Cc which forms a decision matrix denoted by
X=(Xjj)m Where x is the performance value qofwith respect to
C. Let W= (w,...,w; ) be a normalized weights’ matrix in such
way that Yw;=1 where w is the weight of the attributg.C

The overall assessment value of each item is cazdmas follows:

— Yk P =
d; = ijl xywp. i =1,..m

The bigger the overall assessment value, the betéedecision
alternative. The best item is the one with the bsgggoverall
assessment value.

By removing criteria Cfrom the set of criteria, we define the
overall assessment value of each item as:
k
dij = inlwl = 1, m

=1
I#]

The coefficient correlation (CC) between the valok€; and the
above overall assessment values can be expressed by

IRy X)) (dy — &)
R1 B 2 —\2
\/2?21(’(11' -%)" 2R, (dy — dj)

Wherex; andEj are respectively the mean valuesgfandi;
i=1,...,m.

i for
If R;is high enough and close to one then the critgriza€ little
effect on decision recommendation. |fiRvery low then Chas a
significant impact on decision recommendation @achs ranking.
So, the criteria Should be given a very important weight. Based
on the above steps, the weight of an attributemsputed as:

__oTF "
W] = Zf:la'l\/l—_Rl y J—l,k
Where the SD is calculated by:
1 — .
g'j = —Z;’;l(zij —Z])Z ,1:1,....k.

m

5. RESULTS AND DISCUSSION

The current sub-sections will introduce our proglos@proach
step by step, accompanied by an example of movies
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recommendation (see Table 4). Our aim is to proposethod in
which we tried to identify the reasons behind whichitem may
be deemed relevant to the rest of the items baséteonotion of
criteria. Since the problem is selecting from a large dxtas
items, just those the more significant based oir tt&ributes, it
returns to resolving a Multi-Attributes Decision kireg problem
[9] which consists on itself to deal with decisiproblems under
the presence of a number of decision criteria.

5.1. Selection Measures of Relevant ltems

The high availability and variety of informationsiead of being
benefic may drives users to make poor decisionsnith@mes to
choose the best items from a large dataset. The abRSs is
essentially to assist the user during his discou@ryproducts,
while showing him the best of them. This assistabegins as
soon the user arrived and continued until the isen contact
with the system.

As the first occupation of the RS is to satisfy itsers and
reducing their efforts to find relevant items frane first moment
they came, there are many strategies (see [7])hathécl for aim
to select a more significant items according taueber of item
selection measures based on information theotetigarn user’'s
profile effectively. Among these measures we mentio

Popularity: this measure indicates how frequently users rdted
item. Popular items are those familiar ones thegixe the most
ratings. The advantage of the popularity is thé itery easy and
inexpensive to compute, but use it to elicit prefiees worsening
the prefix bias that is, popular items garneringerevmore
evaluations. Unpopular items, lacking enough ugénions, may
be hard to recommend. The popularity of the itesnequal for all
the users, and it is the number of not null ratifagsi from the
whole number of users.

Contention: The rational is that items on which we ask the tiser
rate should not only be familiar to the users, dsb indicative of
their tendencies. The contention is negatively elated with
popularity. i.e. while popular items are less cowérsial. The
Two common measures to quantify the contentionnoitem are
thevarianceandentropyof its ratings.

entropy (item) = —Z pi1g(py) -
f

Wherep; denotes the fraction of item's ratings that eqtais

Coverage: Items are useful when they possess predictive power

on other items.

coverage(i) = Z n;

J
Wheren,; is the number of users that rated both items jjand

Note that it was proved that is unwise to maxintiee Contention
as it's insufficient to repose only on Populariiy; this it's better
to combine them both, as is the caseeioropyOandHELF (for
more details see [16]).

5
1
entropy0 (item) = _Z_WZ p; wilg(p;)
=0

We treat the missing evaluations as a separategargteof
evaluation, for example, a rating value of 0 in da¢asets we use,
since 1-5 is the usual scale; and fill all the migsevaluations

—

with this new rating categoryw; Denotes the weights of the
rating’s value i in the 1-5 scale.

The strategy of items’ selection that is based f@sé measures
suffers from two essential issues, which are Aabitess of
selection which means th#te criteria mentioned are detached
from any reasonable end goal of optimizing usereerpce and
the independence of selected items all above ieritore the
utility of each single item independently, and camsently select
those of highest utility. No consideration is giverhow all these
items play together, they are treated as if theyimdtependent and
no relationship is binding upon each other.

These classical methods presented above will beedens
baseline methods with which we will compare ouulss in the
following text we present the steps taken in oyrapch.

5.2.Movies’ Recommendation Example

Our proposed approach will be applied on an exarmplaovies
recommendation depicted in Table 4 above. Themjéd results
will be compared to baseline methods shown in previsub-
section.

Table 4. Example of multi-criteria movie recommende
system (ratings for each item: overall, story, actig, direction,

visual)
Wanted | Wall-E Star Seven Fargo
Wars
Alice 52288 75599 52288 | 75599 Null
John 588,22 799,55 5882, 78822 | 9881010
Mason | 63399 64,488 63399 64,488 52288

Step 1. The multi-criteria ratings shown in the table abonust be
converted to construct the decision matrix X. Ashed@em is
evaluated by different user according the fourikaites, the
performance valug;; is the average of all rating’s values given to
the item i according to attribute j by user whoedbfor.

Zk(rki)j
Xij = T,k = 1, e, m
(i) ;j: The rating given by user k to item i accordingilattte j.

Step 2. Computing the weights of the four attributes aplaxed
in the sub-section 4.1 based on CCSD integratecreTtare
resulting weights in our example:

Acting: 0.2676545
Visual: 0.23234549

Story: 0.23234549
Direction: 0.2676545

We can see the two criteria acting and directioml anost
interesting (have a big impact in relevance of avigjocompared
to the two others which make a sense, because ws®ra our
choice at first to movies are always influencedthyy actors and
theater director (that we already know), since va@ehnot yet
seen the movie.
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Step 3. Computing the weights of each Movie as an overall analysis techniques to derive recommendationshiair users. In

assessment based on attributes’ weights founddldeimprevious
step. Obviously the bigger a weight is, the mogmisicant movie
is. The resulting weights of movies are as follows:

Table 5. Weights of movies based on CCSD integratedethod

Wanted Wall-E Star Seven Fargo
Wars
5.4039483| 6.713744 5.4039483 6.0235395 7.1412363

The table shows that Fargo Movie is the most releead both
Wanted and Star Wars are less interesting. Thesgtsewill be
compared to the baseline methods (Popularity, Qdiote

Coverage), to see if there is a change in the afleglevance of
movies. The Table 6 shows the score of moviesterkiaseline
methods:

Table 6. Comparison of results with baseline methad

Wanted Wall-E Star Wars Seven Fargo
Popularity 3 3 3 3 2
Entropy 0.2703100 0.C 0.2703100 0.366204 0.346573
EntropyO 0.2492310 0.1612671 0.2492310 0.2385201 0.21211
Coverage 11.C 11.C 11.C 11.C 8.C

Based on the Table 6 above we established The Tahtet
shows the movies in descending order accordinchéovialues
resulted:

Table 7. Movies’ order according to different methals

CCSD Popularity Entropy Entropy0 Coverage
method
Fargo Wanted seven Wanted Wanted
Wall-E Wall-E Fargo Star Wars| Wall-E
Seven Star Wars Wanted Seven Star Wars
Wanted Seven Star Wars  Fargo Seven
Star Wars | Fargo Wall-E Wall-E Fargo

We can notice that the order of Movies’ set presgrity our
approach is very varied, as in the first positioa find Fargo
movie which is less popular, more controversiald(position for
entropy) and have a low coverage’s value (non-tzted with
other movie and haven't a predictive power on thewg can
deduce in this case that popular items aren’t hsdéled by
everyone since there are users whose prefereneepecific and
differ from the community. Also we see that our hoet is in
alliance with both Popularity and Coverage whecoines to the
second position, i.e. Wall-E movie and with Entr@pywhich
combine the notion of popularity and contentiona@grning the
Third position, i.e. Seven Movie.

6. CONCLUSION

As recommendation systems attract increasing relseaterests
in last times, many practical applications start atopt data

this paper, we have extended the concept of maiterion

ratings to multi-criteria ones to meet the requieats of more
practical recommendation systems. We proposegproach for
selection of relevant items in a RS based on neuliéria ratings
and a method of computing weights of criteria. Thisethod

proposes a correlation coefficient and standard iatien

integrated approach for determining weight of cidten multi-

criteria recommender systems. We evaluated theopezpmethod
on an example of movies recommendation. Our appraeas

compared to some other metrics used in Informalibeoretic

approach to illustrate its potential applications.was seen that
our approach has shown a variety on selected itegisthat is
considered interesting from our point of view.
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