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Abstract—Considering how hard it is to provide more assertie
and personalized information, products and service for
people/tourists who are searching for a service, sb as: having
lunch/dinner, searching what's hot about films in heaters right
now in the “Olympic villa”, for instance. In order to fill this gap
this paper describes a Recommendation System (RS3jat applies
contextual information and people’ personality as ecommender
inputs in order to predict more personalized filmsfor Cinemark’s
clients (Personal_Movie). In order to illustrate ou discussion we
present an experiment that uses a software for malei that uses
geo-location and people’s personality to further improve the
quality of the film recommendation. The experimenthas shown
promising results and its potential in the generatin of more
assertive recommendation. We believe the results ghit by asl
applicable for other products and services requestkin Brazilian
mega events

Keywords-Recommender ~ Systems,
information, Megaeventos.

Personality, contextual

. INTRODUCTION

Brazil will receive a lot of tourists during the naegyents
that it will host in the next years. In order tctiopze the
host services to this public, Brazil's Ministry dfourism
created a profile of these tourists. The study ws@sducted
during Africa’s World Cup, in order to identify paottial
market pathways [13]. According to this researble, tourists
were mostly European and North-American, 83% baireg,

entrepreneurs, because showing to those touriseceptive
country, with socially and economically sustainabletives
and innovations in service may cause the mega¢wdrgcome
a multiplier of the future number of tourists, fugt developing
the country.

Considering that Brazil exports qualified Compuseience
workers, we believe that academics, together with
businessmen, may effectively create a computatitegdcy
that is interesting and may be used also aftemtbgaevents.

In order to offer information, products and sersitkat are
both personalized and assertive to persons/clientssts, the
Brazilian and Worldwide academic community has used
Recommendation Systems (RS), which may be creatdd a
applied to different domains, such as movie theatré film
recommendations.

A. Scenario

Since its creations, the movie industry has creatdarge
variety of movies and for every new launch there several
pieces of information made available to the gengualic
(managers, moviegoers, etc). This information an rtfovies
are not treated or filtered before arriving to tients, hence
are not very accessible and personalized for en@viegoer
(the prospective customer of this industry).

Information on movies are usually made availabla way
that causes information overload and makes it ndiffecult
for the client to make a personalized choice. Tiffisrmation
overload is an old concern [13] and treating thisbpem has

60% single men and 86% graduates from collegesh Eageen one of the challenges of the Recommendatiste®y

tourist stayed for an average of 15 days duringetrent and
spent R$11.400 (no airfares included) [21].

Another important result is the fact that 80% obgé
tourists have never come to Brazil, which allows fbe
conclusion that those megaevents are an opportimigceive
an international group of tourists that is diffardrom the
usual one because this public is different and diagt come
to Brazil otherwise.

[20]. The RS indicate items of potential interast disers. Yhe
insertion of contextual information such as movieet
exhibition place, ticket price and age recommeidtielp the
recommendation process, refining it. With this mfiation at
hand, it is possible to predict items accordinght® context in
which the user is inserted [31].

Besides using context information, it is possibbe use
personality traits from each user in order to inwerahe

This represents a bigger challenge to academics apgtommendation process. According to Nunes [24][435,

using personality traits in Recommendation Systenmoves
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information such as: the movie theatre closer ® uker, the
movies that are being shown at this particular mdkieatre,
etc. Using Global Positioning Systems (GPS) togetith the
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resources of recommendation systems may help fimext
information, allow for refinement of the recommetida and
for quicker and more effective availability of tiiormation.

This paper is organized as follows. Section 2 shearse
characteristics of recommendation systems and
techniques. Section 3 discusses related work. @ect
presents the case study in the scenario describihisisection
followed by the model and prototype details. Expemtation
and discussed are presented in section 5, whildoeed&
presents the conclusions and future works. Finalygtion 7
we conclude with all the references used in thisepa

. RECOMMENDATIONSYSTEMS

Usually, moviegoers base their choices on
recommendations of friends, expert opinion or ewarnother
sources, such as social media. Recommendatiomsystelp
and potentialize this natural social process thra&iady exists
among people [27].

For Resnick and Varian [31] the biggest challergy®ifind
the relationships among the user’s interests, iderorto
forecast the items that will interest them the most

In order to forecast items, it is necessary to fiteda on
them. The gathering process can be either explicinplicit,
as follows:

(i) Gadanho and Lhuillier [9] say that the expligéthering
on products is the one in which the user needs daoually
infer his preferences on items. The problem withs th
methodology is that the user may not specify hisrasts fully,
allowing for masking of possible results.

(i) The implicit data gathering process uses téaphes of
content extraction and text mining among other®rider to
gather data from the client without his awarendasthis
model information on possible interest areas isaektd and
applying association techniques it is possible tmgsst
services and products [9]. The implicit gatheritgpahelps in
getting user data forming or improving his profi24].

According to Cazella, Nunes e Reategui [4], as the
information on the user grows, so does the pertiaesf the
recommendation on products, services and/or petplerder
to translate the psychological factor of an indidtwith the
goal of creating his profile, it is necessary tdfime his
personality [10]. To do that, there is a very iatting
approach that is the use of personality traits #tiatv for the
psychological differentiation  between persons using
measurable and definable traits [33] [47].

After gathering data, we apply the techniques tomamend
those collected items. In the session that followss, present
the main recommendation techniques.

the

Recommendation Techniques

Information filtering techniques interact dynamlgabitth
the users and at each new action performed theithigomust
seek for a new item that corresponds to the pneéeeof that

theirbased exclusively on the variables User

user at that given moment and the search doesawet to be
initiated by the user himself.

The main recommendation techniques are the follgwin
1.Filtering based on content (FBC): This technique is
and Item,
comparing the content of the users’ preferenceghto
contents of each item. Item categorization is tlggpboblem
of this technique, because the search for infoonain a
specific context may modify the meaning of a metadahe
process of identifying the content of the attrilsutand the
differentiation of its meaning in that specific ¢text is a big
challenge [1][2].

2.Collaborative Filtering (FC): uses the users’
evaluations on other items and compare them witterot
users’ evaluations. Adomavicius and Tuzhilin §jesshat
an important characteristic of FC is that this nlagses a
domain independent recommendation technique. It is
indicated for content recommendation that cannot be
adequately described by metadata.

3. Contextual Information Based Filtering (FBIC): this
came to fill the void of the tradition 2D approashe
described above, which are based solely on theUsar X
Item and that do not use contextual informationt fas
model, the context is inserted in an implicit way all
human activities, besides helping communicationeive
realize the current context, we can make evalustion
decisions and adapt out behavior according to ithat®n
[1][2][3]. For a person to make decisions in a whgt is
appropriate to the situation, it is necessary teustand the
context [34].

4. Filtering based on Psychological Aspect (FBAP):
According to Gonzalez, the emotional factor is @ftuence
on the rational thinking process when the userivesea
recommendation. Hence, the author proposed filjebased
on other contexts, working with psychological agpestich
as emotional intelligence and social interactioh] [15iven
how big the context concept is, this work propasehange
in nomenclature proposed by Gonzéalez. The author
proposed “other contexts” and this work specializies
nomenclature in Filtering based on Psychologicapeks
(FBAP) in the highest possible level and FilterBased on
Emotions (FBE) to define the concept of context mitds
connected to emotional characteristics of an iwuiial.
Soon after, Nunes [24] proposed an approach inside
Filtering based on Psychological Aspect (FBAP) udahg
personality aspects in the filtering process, whighnaem
Filtering Based on Personality (FBP).

5.Nunes [24] defined Recommendation Systems based
on personality, which were afterwards defined byard Pu
[13] as PBRS (Personality-based Recommender Sysbem)
order to capture the essence of the individual qrexigty
differences for each individual, it is usually apgla test to
understand his personality. The test is an engliresearch
that is able to reveal a specific set of personatdits that
differentiate one individual from the other.
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6.Hybrid Filtering (FH) uses one or

recommendation techniques, usually
collaborative approach based on content with coHative

more At table 1 we present a comparative among the eelat
combining neorks discussed here and the Personal_Movie madpbped
at this paper. We described a few characteristicsthe X in

filtering. FH has been widely used in Recommendatiothe column represents that this characteristicésgnt at the
Systems because they use more than one recomnmendasiystem represented in that row and the ? represeatfact

technigue to prevent classic cold start problentsidiwvare
defined as the problem that comes from the lacknitifal

information on the user that are necessary to gémean
adequate and assertive recommendation for him).

that we cannot be sure, because of lack of refesgnghich
technique
information gathering process, data mining usegrinftion

filtering technique and wheter the system uses ot n

is used. The techniques evaluated weee th

The current work will use FH, because of the goodontextual information, FBP, FC e FBC.

characteristics inherent to that approach.

I1l.  RELATED WORK

Several

As table 1 illustrates, the strong point of thetptgpe we

propose is the fact that it uses FBIC with the FBBP and
FC techniques, because gathering contextual infimmauvill

previous papers have approached differeRffow it to generate a recommendation that is nsoiigable to

proposals for recommendation of products such asiemo the user current context.

NetFlix [6] proposes using data mining and contbased
filtering, besides colleting information implicitlyy which the
system infers users’ preferences.

On the other hand, MovieLens [23] [38] [39] and IBD
[15] use FBC and explicit gathering of user infotima, in
which he must infer his preferences on items, lassiging FC
techniques to improve the recommendation process.

Some works, like Jinni [17], HunchMovies [18],
WhattoRent [36] , in order to improve the efficigraf the RS
have used implicit gathering together with expliite, where
the user manually informs his preferences usingtipaires
grading items or selecting areas of personal istere

Filtering based on contextual information (FBICused in
recommendation systems such as Alfred [42] [43] 2hdTO
[5]. There RS do not recommend movies, only sesvioe the
user using GPS data to gather contextual informatio

CinemakKI [14], despite collecting contextual infaion

from the user, acan recommend movies according no a

explicit collection performed by the service. Siwee did not
find any references that describe the techniqued usg

CinemaKl, we performed an exploratory research ba t

system and inferred that it uses FC techniques.

Even though we did not find any reference that dless the
technique used by Jinni, we used the system apdénf that it
uses FBP by applying questionnaires for personektyaction
from new users in order to know more about thenj[{118. In
the questionnaire, the profile is drawn accordnd2 types of
filmgoers that are available at the system> theosptective,
the hero, the individualist, the drama addictee, @ntisocial,
the extremist, the alternative reality, the idealise art of the
fugue, the master of the mind, the strategist dred Social
philosopher.

According to Lawler [18], HunchMovies uses an liigent
recommendation engine calledTHe Living Roorh that
generates personalized movie recommendation usiyand
FC, including the genre that is most adequatedaiffer.

In order to gather information, WhattoRent [36][4&es
explicit data collection to gather information dretemotional
state of the user.

IV. CASESTUDY: PERSONAL MOVIE

The case study proposed in this paper is a tedtiethe
construction of RS for megaevents.

The case study was based on movie RS, using caatext
information, especially those connected to geolratibn and
personality traits, together with the traditionratommendation
techniques (notice that the movie is treated amdyst, hence
the system can be easily adapted to any other tfpe
information, product and service to be recommended
megaevents).

New RS approaches used to recommend movies help
forecast which movies will be more suitable to therent user
context.

A.Personal_MoiveModel
Considering the described scenario, we describ¢him
section the proposed model.

At Personal_Movie, contextual information allow fthe
discovery of the movies that are more suitableht durrent
user context. It performs a pre-filtering that ifojly gathers
information using FBIC, when the movies currenthowing
are collected from the movies that are located tlearuser

TABLE |
RELATED WORKSX RECOMMENDATION TECHNIQUE

o
= | = B
— = =
==} E. ?—i :’é — z E L= o =
= | 3| = E g | = = 2| = [
S| Z|2|2|E|5|E|E5|E|E
= s [ = = - = g = | = =
=|=|0 Z|E =
B
Mineracido ? ? = ? ? 7?7 N
de Dados
Coleta ? 7 = X ? = 7 | x x x
Implicita
Coleta X X X X X X x X x x
Explicita
FC X X X X X X x X x x
FBC ? ? ? ? ? ? ? ? ER
FBIC ? ? ?7(? ? ? 7 | x x x
FBP ? ? T? x x X ? ? | =
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location (inferred through an interaction with tHePS
interface).  Afterwards, the collected items
programming data) are stored at the database €fitjur

Pi | M
T

E_ __________________ >1 1! Coleta Localizaciof)

31 Coleta de Informagdo Contextuai
4 : Processa Recomendacgo FBIC()

2 : Envia Localizacdo ()

seqielecio g Contexto ) 5 : Envia Dados da FBIC]

COMTERTT
texto()

R
formar Col
I & Envio do Contexto()

Fig. 1. Sequence diagrém for the application BIG-

9 : Processa Contexto e Exibe Rechmendacdo()

Personality traits are gathered based on an intenawith
the systenPersonality Inventory29] (figure 2) that is based

on the Big Five model in which are treated characteristics

such as extroversion, sociabilization, neuroticisamd
openness on the factors and other characteristi¢tbei sub-
factors [46]. This information is included in Pemab Movie
at the FC process in order to find similar usersing
personality traits intends to enrich the user feofi

With the information obtained, both on users anodpcts,
a similarity ration is calculated. This similarigybased on FC
for products and FBAP for users,
characteristics manipulated by the Big Five modthe
algorithms that implement the recommendation tegples
(FBIC, FC, and FBAP) are stored inside the Web i8erof
the recommendation system, so that once generatésthof
recommendable items the same are sent to the nixbiiee
(figure 2).

: Usudrio

Personal Movie

Web Service : FBP

____________________ =

: Personal Invetory

1: Solcta FBP(Q 2: Consulta Questionério)

3 + Dados Questiondrio()
essa PP

" 5:iEwiaDadosdaFeR) |

Contexto ]

seq Selecio

7+ Selecao delContexto()

& Informar Cortexto()

3 Envio do dontexto)

: Processa Contexto € Exjbe Recomendacio()

Fig. 2. Sequence diagram for the épplication oAPB

(movie

Codigo | Descricio

1 Sozinho

2 Com Criancas

3 Com Amigos

4 ComNamorado (a)
5 Clom Compromisso

Fig. 3. Previously stored context options

The device, after receiving the list of recommeneatems,
execute the adjustment of the post-filtering phésteps 6,7
and 8 of figure 2) that is defined empirically tadgi into
consideration the context option selected by thes.Usigure 3
shows the available options for the user to sdiéectcurrent
context.

For instance, taking into consideration a scenatiere the
user selected option 5, which indicates that hesoasething
scheduled and does not have the time to watch@rwvie,
movies that have this duration will not be recomdezh In
another scenario where option 2 was selected, theies
whose age recommendation is for persons whoseaageks-
years or more will be excluded from the list ofoeenendable
items.

B.Prototype

The prototype Personal_Movie uses the concept oA SO

(Service-Oriented Architecture), which is an apptodao

create distributed computational systems that tiidebusiness

logic into services that can be used in a looselypted way

[71.

Personal_Movie has aebservicethat contains all the

algorithms that are responsible for gathering tlomtext

according to thinformation as well as generating the recommendatib

geolocalized movies. The gathering process is pegd
through an interface of the mobile device and aftet the
information is sent to a HTTP server that contathe

webservice to be processed in order to make

recommendation available to the user. There isthls@ption
of the user evaluating whether or not the recomméndovie
is adequate to his needs and desires. This infamé fed
into the system, increasing the accuracy of thé sagestions
(figure 4).
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Dispositivo

Atualizador

GRS HTTR

Personal

ODBC

Web Service

HTTP Atualizador
____________ o
GRS
o
Personal
Eo3

CDEC

DataBase Compact DataBake Server

Sl Server

Fig. 4. Components diagram for Personal_Movie

Sal Compact

The recommendation engine uses the technique RBUCder
to gather information on movies that are currestipwing at
movie theatres and after that applies FBC to diadkiat
movie information, storing them afterwards in aaddiase
using the SQL Server 2008 R2 DBMS [16].

In order to finalize the recommendation process th

prototype uses the FC technique to calculate thelasity

among items that were evaluated by the user usm@éarson

correlation metric [4].

| Horario |Censttra -

21:30 14 Ancs

H
=R
5B P
& B
3
[

[+

]

Jogos Vorazes |

Fig. 5. Selegdo de Filmes

If the user wishes to receive more specific reconda#gons,
he only need to select the “P” option (for Persityja(figure
5) available at the interfaces

As we can see by this discussion and by analyzgquge 6,
the flow that the prototype follows uses the FHhique to
forecast items that are probably more assertiveothar
characteristic that differentiates this system frdme other
ones depicted in section Il is the availability tob forecast
items through the mobile device, allowing the uderseceive
recommendations quickly and very effectively, hegpihem in
their ntural choice process.

Eradiz lt=ns (FBE, Erediz Itens (FBLC,
FC = FBC) FBIC = FBE).
| Enviaz itens mr=dites |
Pée -Filtramem I

Fig. 6. Fluxogram for Personal_Movie

V. EXPERIMENT

As stated above, this experiment is a testbed @nthaise
the proposed technology to personalize in anaffigvay the
offer of information, products and services to tstgr that will
come to megaevents in the next years.

The testbed measures the users perception on thée mo
recommendation made by the Personal_Movie system.

A.Research hypothesis
The following research hypothesis was raised tfopmrthe

“Recommendation arfKperiment: Personal_Movie can extract contextrinédion

Programming”, and he will be taken to the persayaliand use them together with personality traits toegate a

interface, where the items will be exposed takimgo i

consideration the user’s personality traits. Theng will be
forecast according to the similarity of the perdipapplying
FBP among users, what, according to Nunes and I8g241]
may decrease cold start problems.

During the first interactions with the system, thevies that
are going to be shown at theatres and schedulesrclo the
current ones, since the user did not interact aith item, in
order to decrease cold start problems.

Each user evaluation through Personal_Movie is tettte
server and stored in the system, what guarante¢siéixt time
the sstem is executed by any user, this informatidh be
processed and may help generate recommendatidiesedif
from the previously generated.

recommendation based on FBP and FBIC.

B.Sample profile

This experiment was conducted on twenty six stuglent
Computer Science at the Federal University of pexgi

The data set obtained represents the habits of ®®sisers
that watched movies during the xperiment, that e@slucted
from April 10th to May 8th, 2012.

We made a mapping of the colleted sample, as shown
figure 7, that plots the age and sex, in orderffer subsisdies
for posterior data analysis and a future mappingrsfumed
items according to age and sex.
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Faixa etaria da Amostra

20a 25anos

25a35anos

35a45anos

35a45anos | 25a35anos 205 25anos

|IMthere5 a | 1 2

-

Avaliagbes

Baseada na
Frogramacgao
do Cinema

Baseada na
similaridade
entre ltens

Baseada na
Similaridade

|lHomen5 2 | 7 14

entre usuario
-

Fig. 7. Sample profile

C.Work methodoloy

In order to evaluate Personal_Movie we created hilmo
application using GPS data to gather the contexthith the
user was inserted, making it viable to perform eélkperiment
on any given population.

The research was made available at a web addrese wie
demonstrate the steps necessary to install thécapph in the
device as well as the system manual containingildéta
information on how to use the application correctly

The first step in the experiment was the mappinghef
personality traits of each user at theentory[29] in a explicit
gathering process. Afterwards, we imported the qreatity
tests results into Personal_Movie, together
complementary information obtained at registratieamail,
password, age, etc.)

After this gathering step, the users at the expamtm
accessed Personal_Movie and received three options
evaluate movies, as shown in Figure 8.

At the evaluation based on similarity among itemsrev
generated recommendations based on the FC, FBEBi
techniques. At the evaluation based on similantypag users
movie recommendation was generated using the tgobsi
FBC, FBIC and FBP.

D.Evaluation metrics
The Mean Absolute Error was used in both traditioyes

with

Fig. 8. Activities available for protoype evaluati

E.Resuls

We evaluated 42 items among the three proposedaoéss.
During the software evaluation we collected infotior@on 46
movies in different contexts, having a data sefigahtly
sparse, given that only 4 out of 46 items were exa@luates
(9,52% of the data set).

The 46 movies were collected in different conte®s. of
them (46%) were collected in one movie theatre é@iark
Alfa) located at Shopping Mall Alfa and 25 (54%)aatother
movie theatre (Cinemark Beta) located at Shoppiead) Bleta,
both located at the same city (OurCity-AnyState3hewn in
figure 9.

Porcentangem de Filmes por Contexto

Shopping Riomar
46%

W Shopping Jardins

D 5hopping Riomar

Fig. 9. Contexts for movies

of evaluations based on FC and FBP, according #® th

following formula [13] [40]:

N
i=

v, Fi-ri)

MAE ==
1)

In the precision application, the feedbacks reakivg the
sample were converted into a binary scale, beiaegttes from
[3-5] considered relevant and the grades [1-2]stfiesl as
“not relevants”.

Figura 10 illustrates the frequency the users adsieach
shopping mall.

Out of the 71 movies that were showing at all thge@ark
network during the experiment period, only 46 wavailable
at the collected contexts, that is, FBIC filtered iBens that
were not available at the collected contexts (1@df6iency),
reducing the sample by 35% because those items mare
adequate to the user context obtaining and effictkat was
14% higher for context information (in case FBICswaot
applied, only 75% of the available items at thatetiperiod
would be adequate to the context).

Figure 11 illustrates the amount of items evaluaped
technique de técnica (FBP, FC, FBIC) and sex, agable in
the prototype, using the collected sample. At ¢ihegpph we can
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see
recommendation the prototype offers, but thisriaffition is
not conclusive because of the small sample. Nesiesh, this
may be an indication that the female public mayroee prone
to use the functionalities of this kind of applicat even
though this need to be confirmed by further studies

At the evaluation process, we evaluated three ilgos:
FC (the classic collaborative filtering techniquéBIC and
FBP.

After the users performed all the experiment stépsjata
were processed and we calculated the MAE and poacas
bth algorithms, as we <can see in Figure

Frequéncia de Visita da Amostraao
Contexto

Shopping Riomar

Shopping Jardins

that the female public tends to use more tHGAE that was 9% smaller than FC (the traditionapra@ch)

in the user sample selected. This different caattréuted to
the use of FBIC tht is proven to increase othehn&pes
efficiency when applied together, generating better
recommendations. Through the application of FBHICwas
possible to remove 35% of the items that were nitalsle to
the user contexts.

The data presented show an improvement in
recommendation through FBIC application togethethwhe
techniques approached in this work (FC and FBPY,this
work cannot be taken as a basis for proving thisd kof

item

1ZXuperiority. Nevertheless, the data is availablea gsossible

subsidy for posterior analysis.

Superioridade da FBP em relagdo a FC

MAE

PRECISAO

0%

20%

40%

80%

80%

Shopping Jardins

Shopping Riomar

|l Porcentual

1%

29%

9% 9% 10% 10%

PRECISAD MAE
10% 9%

Fig. 10. Frequency of visit of the sample to movie theatres

The collected values corroborate the idea thatststem
using FBP performed better that FC and FBIC. MAE ®80
smaller and precision 10% higher using FBP whenpaoed
to FC. This variation, presented in figure 12, esgnts only
the difference found in the experiment, given tihatvas not
the goal of this work to detect any superiorityasfy given
method, but our data can be used for more detaitestierior
analysis.

Avaliacdo de Votos por Sexo

]

=

8

T 100%

2 _

o 80% |

H 60% |

5 |

> -

% 40% | .

2 20%

-

2 0%

g Homens Mulheres

& EFBIC 14 3

FC 18 2

m FBP 19 2

Fig. 11. Item evaluation by type of technique

F.Discussion

Even though it was not the goal of this work tov@rdhe
superior quality of the recommendations generatedyas
posssible to realize that Personal_Movie applyiBg in the
recommendation had a precision that was 10% higimer

[mFep-FC

Fig. 12. Comparagéo entre as técnicas tratad@ersonal_Movie

VI. CONCLUSIONS

In the next years, Brazil will host the World Cuthe
Olympic Games and the Paralympic Games. Duringethos
events that is a bigger demand for personalizeatrimdtion on
the attractions offered by the host country, sushrmvies.
Given this context, the prototype is relevant arak hhe
potential to take personalized information to tberistsin
loco.

Giving personalized information to the touristowlé us to
hope they will be pleased with the offered servitesreasing
the probability of them using the national prodactservice,
heating up the economy, as well as providing susidor
them to form a positive image of the country anel diesire to
come back for another visit.

A.Future Work

Given the results found, it was possible to verife
potential of Personal_Movie to provide efficiently
personalized information to its target audience. @Afuture
work we intend to deal with the issues that we dwelimay
also be important during megaevents such as (ijcapipn of
techniques for group recommendations; (i) creatmfha
personaloized graphic interface for the user basedhis
personality traits; (iii) availability of the sofawe in other
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mobile platforms; (iv) mapping of personality teimplicitly
through the evaluation of the movies the user Hazdw
watche; (v) analysis of the requisites necessarysfstem
scalability (vi) verification of the data in biggpopulations in
order to better undersand the statistical signifieaof the
results found.
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