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ABSTRACT

This thesis is about the exploration of OrichO datasets, where by Oex-
plorationO user sessions where the goal can vary from sense-making
to deep understanding (rather than specibc item search) and by OrichO
datasets items characterized by a multi-faceted semantics are meant.
The purpose of this work is to investigate how the notion of Orele-
vanceO can support deeper and more effective exploratory sessions.

After a thorough literature review on fuzzy conceptual modeling
(the mechanics of which is the closest to this work), different inter-
pretations of the notion of relevance have been identibed, leading to
the OCPN (Characterization, Prevalence and Noteworthiness) modelO,
composed by data structures and abstract functions that can be in-
stantiated to collect and measure relevance of items and attributes
(treated as Fuzzy ones) using different relevance interpretations.

The model has been tested against two real-life case studies: one
is the dataset of the Museum of Musical Instruments at Castello
Sforzesco, the other is a set of experiencesO reports collected within
the frame of a national research project (EDOC), where the impact of
technology on education has been surveyed. For the Museum case,
75 keyboard instruments have been analyzed, with a focus on the
materials in the active and the passive parts of the instruments: over
2000relevance values have been identibed. For the EDOC case113
educational experiences have been analyzed, for21 facet-values in 3
different relevance interpretations. Data from both case studies have
been used in a simulated environment to test the capability of the
model to support sense-making and understanding.

Test results show how the several types of data readings from CPN-
enhanced repositories can provide more accurate insights than the
ones from data models where Oobject X has/doesnOt have attribute
YO only holds. This has also been conbrmed by beld experts that
analyzed data provided by the redesigned database.

Future works would focus on the aspect of the implementation
of algorithms in exploratory portals and on the user interface, that
should provide a non trivial mass of information to start and not
disrupt the user dialog.

Xiii



SOMMARIO

Questa tesi si colloca nell®ambito dellQesplorazione dei Orich datasetsO,
dove con esplorazione si intende una sessione utente in cui [Oobiettivo
spazia dallOintuire allOapprofondire la conoscenza (piuttosto che speci-
Pcatamente ricercare) e per Orich datasetsO si intende una collezione
di dati caratterizzati da una semantica multi-sfaccettata. LOobiettivo
« indagare come la nozione di OrilevanzaO supporti approfondite ed
efbcaci sessioni esplorative.

Dopo un esteso studio sul Fuzzy Conceptual Modeling (le cui mec-
caniche assomigliano a quelle usate qui), sono state identibcate diver-
se interpretazioni del concetto di rilevanza, che sono conf3uite nel
modello OCPN (Characterization, Prevalence, Noteworthy)O, le cui
strutture dati e funzioni astratte possono essere usate per raccoglie-
re e misurare la rilevanza di oggetti e attributi (trattati come Fuzzy)
secondo le diverse interpretazioni.

Il modello « stato testato in due casi di studio reali; uno rappresen-
tato dalla collezione del Museo degli Strumenti Musicali del Castello
Sforzesco, |Qaltro dalle esperienze didattiche svolte nel progetto di ri-
cerca nazionale EDOC, che ha analizzato IOimpatto della tecnologia
sull®educazione. Nel caso del Museo sono stati analizzati75 strumen-
ti a tastiera, considerando i materiali delle parti attive e passive dello
strumento: oltre 2000valori di rilevanza sono stati identibcati. Per il
caso EDOC sono state analizzatel13 esperienze, con21 sfaccettature
possibili in 3 differenti interpretazioni di rilevanza. | dati di entram-
bi i casi sono stati usati in simulazioni per veribcare la capacit™ del
modello di supportare IOesplorazione dei dati.

| risultati mostrano come le letture dei dati supportati da CPN pos-
sano fornire informazioni pie accurate rispetto a quelle ottenute da
modelli dove un attributo Y pu™ appartenere ad un oggetto X in ma-
niera booleana. Le conferme arrivano da esperti del settore che hanno
osservato i dati provenienti dai database riprogettati.

| lavori futuri si concentreranno sull®Oimplementazione degli algo-
ritmi nei portali esplorativi e sullOinterfaccia utente, che deve fornire
una notevole quantit™ di dati per iniziare ed alimentare il dialogo con
IOutente.
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PREFACE

modeling is the process of simplifying reality in order to make a
representation that covers the key aspects of interest.

Implementing relevance information, as it has been done in this
thesis, means dramatically change the paradigm of modeling in order
to de-simplify models to extract more knowledge, always keeping the
process sound and structured.

In fact, adding information just for the sake of completeness doesnOt
always lead to better results than what achievable with a well-designed
and purpose driven artifact.

Below, an extract from On Exactitude in Sciencby Jorge Luis Borges.

...In that Empire, the Art of Cartography attained such
Perfection that the map of a single Province occupied the
entirety of a City, and the map of the Empire, the en-
tirety of a Province. In time, those Unconscionable Maps
no longer satisbed, and the Cartographers Guilds struck
a Map of the Empire whose size was that of the Empire,
and which coincided point for point with it. The follow-
ing Generations, who were not so fond of the Study of
Cartography as their Forebears had been, saw that that
vast map was Useless, and not without some Pitilessness
was it, that they delivered it up to the Inclemencies of Sun
and Winters. In the Deserts of the West, still today, there
are Tattered Ruins of that Map, inhabited by Animals and
Beggars; in all the Land there is no other Relic of the Dis-
ciplines of Geography....

(Sutrez Miranda, Viajes de varones prudentes, libro 1V, cap.
X1V, LZrida, 1658

XV






INTRODUCTION

As native language speaker, in natural language conversations the
concept of relevance of one or more objects or people appears as intu-
itive, but trying to address the topic from a more analytical perspec-
tive issues start arising. The multiple meanings that term OrelevantO
can assume, in fact, could lead to ambiguous and uncertain interpreta-
tions that rel3ects on how data is treated in human-computer interac-
tions. As example, people unconsciously use several relevance criteria
in ordinary statements and evaluations like: historical relevance, geo-
graphical relevance, political relevance, emotional relevance, strategic
relevance, popularity relevance, quality relevance or economical rele-
vance. In a context where a data repository aims to be accessed from
human beings, not treating relevance information can lead to heavy
disadvantages.

Without treating relevance criteria, in fact, a request to a large data
set could return too much information, causing an overload and data
dispersion such that potentially useful results are going to be missed
by the user, who therefore, as an instinctive reply, can try to enforce
stricter Plters losing the overall vision. Examples of such context
are cultural heritage repositories, touristic databases or educational
databases, where too much rough simplibcations can make informa-
tion inaccessible and data is for its nature greatly nuanced.

LetOs take as brst example an interrogation to a repository for ar-
chaeological tourism, where itOs asked to retrieve all the objects classi-
Ped as Etruscan. On the territory, museums and historical collections
contains objects of almost all epochs and periods and some of them
can be related to the Etruscan civilization for several aspects. Having
the repository capable of handling relevance information enables the
system to return results that have certain a degree of pertinence to the
request (in this case the degree of pertinence represents a measure of
being Etruscan), and a justibcation of why objects are returned, like
the bPnding site or manufacturing techniques. The systems can then
answer to the user with a more human-understandable information,
which can be seen from a multitude of different perspectives and be
the base for a human-machine dialog.
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Another example comes from the world of educational resources
collections and archives, where educational experiences are collected
and classibed forming a rich and variegated data set. Experience pro-
Ples contain data about the impact of technologies and methodolo-
gies on the daily learning of students from primary school to high
school. Experiences can then be characterized by one or more feature
or results, and they can be rated by considering their performance or
guality. It can be stated that for a given experience, the inclusive factor
observed is more relevant than the technology used, or that the peda-
gogical structure of the experience has played a role so important that
can be seen as a characterizing aspect. Without the database consider-
ing relevance information, but only Boolean values about presence of
the various experiencef)s features, a lot of data assume the same level
of signibcance and the user canOt have a clear vision of the spectrum
of possibilities and their impacts (key information in educational sce-
narios).

This work does not address a specibc context of relevance, though
two case studies are used to demonstrate the validity of the thesis.
It aims to establish and provide a classibcation and a framework to
deal with relevance information and relevance-capable databases. ItOs
not among the aims of this project to establish why and how ob-
jects can assume a certain degree of relevance, even if to get to the
reported conclusions several different kind of contexts has been an-
alyzed. That, in fact, would require deep knowledge of the specibc
Pelds, so data for testing purposes is given by experts in the form of
museum catalogue and appraisals portfolio.

This thesis is composed as follows: in Chapter 2 an introduction
about Fuzzy Conceptual Modeling is given, with the current state
of the art of the beld and the relevant works that led to the current
technologies; in Chapter 3 a description of the theoretical modeling
of relevance information is given, with formalization and description
of data structures and abstract functions; Chapter 4 and Chapter 5
are two chapters containing the case studies, one for the Museum of
Musical Instrument of Castello Sforzesco in Milan and one for the
EDOC@Work project, providing examples about the implementation
of abstract relevance information debned and its impact on the us-
ability of data; Pnally in Chapter 6 results and future improvements
are reported.

This chapter continues with condensed descriptions of the rele-
vance criteria listed above, in order to make the reader to appreciate
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the various, often implicit, meaning that the statement This object is
relevantcan assume.

1.1 relevance nuances

Studying two different cases and brainstorming around a lot of the
possible statements that can be expressed concerning domain data,
IOve identibed different declinations of the concept of relevance. In
the following subsections all the interpretations are explained in de-
tail with the characterizing aspect of each category and clarifying
examples. It appears correct that more than one interpretations of rel-
evance can hold at the same time for the same object in the same
context.

1.1.1 Historical relevance

An object can have historical relevance when it is involved in a rele-
vant historical event as trigger, participant or direct and live represen-
tation.

For example, the weapon used to stab the Empress Elisabeth OSisiO
of Austria (exposed at the Hofburg Palace in Vienna), or the Tomb of
Pharaoh Tutankhamun (discovered in 1922, have a (different) degree
of historical relevance.

1.1.2 Geographical relevance

An object can have a geographical relevance when its relative position
on earth is used as a landmark.

For example, the Greenwich Meridian in the United Kingdom or
the Pole star show geographical relevance.

1.1.3 Political relevance

An object can have a political relevance when it plays a crucial role in

the political scenario of one or more country. An object is not neces-
sarily an inanimate object, also a human being or an event can have
political relevance.
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For example, the Russian Revolution in 1917 or the anti-apartheid
revolutionary Nelson Rolihlahla Mandela have political relevance in
certain contexts.

1.1.4 Emotional relevance

An object can have an emotional degree of relevance when for one or
more human being feels an emotive attachment of some sort to it.

For example, for a toddler a Teddy Bear or a blanket can have
emotional relevance, when for adults can be a motorcycle or some
photographs.

1.1.5 Strategic relevance

An object can have strategic relevance when it represents a leverage
point in the accomplishing of a purpose.

For example, in the game of Monopoly the property of Park lane,
when already owning the Mayfair property space, can have a strategic
relevance in order to win the game.

1.1.6 Popularity relevance

When a large majority of people agrees on the same opinion about
a certain aspect of an object, this can assume a popularity relevance
degree (that can even be completely misleading).

For example, in the recipe for the green peppercorn Pllet the pres-
ence of the pepper is perceived as characterizing even with a low
(absolute and relative) presence in the dish and independently from
the quality of the peppercorns. Another example is the Iron Crown
of Lombardy, that ironically has no iron in it but it has always been
known with that name and with that is addressed.

1.1.7 Qualitative relevance

An objectOs qualitative relevance degree can be determined by the de-
gree to which a set of its inherent characteristics fulPlls requirements.
For example, an object can have a high quality degree depending
of its conservation state, a room can be rated according to its acoustic,
or a movieOs quality can be determined by PIm criticism. Example
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of qualitative relevance value are OgoodO, or OexcellentO or OpoorO.
The quality then can determine the qualitative relevance degree. ItOs
perhaps the most intuitive interpretation of relevance, since it can sup-
port hypothesis as OA is better than BO, but it should not be mistaken
with the other kind of relevance (OThe event E is better than the event
XO has not the same meaning of OThe event E is more historically
relevant than the event XO).

1.1.8 Quantitative relevance

Quantitative relevance is a kind of relevance strictly number-driven.
Measurable properties of objects can assign them a quantitative rele-
vance degree. The most common properties of objects that arose dur-
ing the development of this thesis are:

¥ Economical value
¥ Size

¥ Weight

¥ Multiplicity

¥ Percentage

These four kinds can further be decomposed in more specibc prop-
erties semantic, like the Economical that can be intended as

¥ Production/Transformation cost
¥ Trade value

ItOs common knowledge that an object can be very cheaply pro-
duced but highly costly recycled, so for it the transformation cost
assume a different relevance rather than the production cost or the
trade value. Also the size can be expanded, with for examples the
usually considered dimensions like:

¥ Height
¥ Width
¥ Depth

For example, considering the height of several building as the inter-
pretation of relevance, the Empire State Building has a high relevance
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degree, while the same canOt be said for Palazzo Lombardia in Milan
(the regional headquarter building) that high only 161 meters (this is
true if higher importance is given to taller building, note that can be
true the exact opposite).

The multiplicity relevance is, instead, to be intended as the number
of occurrences in a certain context of the object of which the relevance
is considered.

For example, the number of screws used to build the Eiffel Tower
in Paris makes the screw object (assuming there is no distinction be-
tween the single pieces) have a certain degree of relevance with re-
spect to the Tower itself or another context. ItOs not specibed that with
the growing of the multiplicity also the relevance degree increases: an
object can be highly relevant because its multiplicity is very low (this
is also seen as rarity of an object, or uniqueness).

With a similar meaning to the multiplicity relevance, the percentage
relevance indicates that the relevance degree of an object is based on
a percentage value that relates to the object itself. For example, in a
leather suitcase the leather can be a relevant material because present
in high percentage.

An object can have a quantitative relevance not only when the con-
sidered measures is plainly the highest or the lowest but also in case
the measure differs from an average value for a given set. In generally
a function can be applied to a measure to derive another value that
express the relevance degree of the object.



STATE OF THE ART OF FUZZY CONCEPTUAL
MODELING

2.1 introduction

Fuzzy is a keyword associated with the mathematical domain, and
later with the information technology, since 1965when Lot A. Zadeh
worked on a new theory regarding partial membership of an element
to a given set[25]. Since then, a lot of consensus has grown around
the peculiar idea of using Fuzzy theory to handle imprecise informa-
tion[ 19 and hence to bring models closer to the real world. Modeling
the real world means debning way to structure information and way
to act in certain real context, debning behaviors and rules (for the
machines) to follow in order to accomplish designing goals.

With conceptual data modeling are intended models with a level
of abstraction that enables to be independent from the system imple-
mentation[ 1]. As known, from conceptual models lower level models
like logical models can be derived automatically, so it appears to be
essential to engineer solutions on the more Rexible scale provided by
conceptual models to produce complete and sound representations
of the real world.

The introduction of Fuzzy logic in modeling has brought innova-
tion also in conceptual modeling frameworks during time, always
accordingly with the current most advanced data representation tech-
niques. First the Entity-Relationship (ER) model[ 5] was revisited by
Zvieli and Chen in [ 27], then its extended version (Extended ER) by
Ma et al. in [ 17] and the Object Oriented data model in [ 2, 16]. At the
moment of writing, the most advanced and complete framework for
Fuzzy conceptual modeling is Fuzzy UML by Ma et al. [ 14], which
combines the rich expressiveness of UML with Fuzzy logic. Besides
from the main works, a notable paper can be found in literature from
Bouaziz, RabPk et al. /] focused on introducing Fuzzy logic in the
Unibed Semantic Model (a OcompetitorO of ER/EER) to develop a
Fuzzy Semantic Model (FSM). The key concepts of this last one are
reported in section 2.4, apart from the chronological coverage of the
topic.



state of the art of fuzzy conceptual modeling

A distinction should be introduced between Fuzzy data to which
this work relates, and Fuzzy behaviarThese two terms are used to
group two major set, found from a literature recognition. ItOs in fact
possible to bnd usages of OFuzzyO term with a different semantic:
the one concerning data representation (Fuzzy data) and the one re-
garding techniques of artibcial intelligence (Fuzzy behaviour). There-
fore, let assume that under the term Fuzzy data are involved all the
techniques and theories concerning the structuring and handling of
information with the purpose of storing or manipulating knowledge.
Fuzzy behavior, instead, is the collection of all the strategies and ideas
implemented into devices in order to make them able to interact with
the real world and its tolerances and imprecision. Fuzzy behavior is
then the part of processing input data and react considering a degree
of uncertainty or imprecision. Hence there is a sharp division between
the concepts of fuzzy data, which deals with representations of infor-
mation, and fuzzy behavior, which concerns how to (automatically)
use imprecise data.

In the rest of the chapter, several ways to represent concepts and
real world objects as Fuzzy data are presented. First of all a descrip-
tion of the imperfect informationconcept is given below, then Fuzzy
setsare introduced. The latter are an enhanced version of the math-
ematical sets, where partial membership of elements is enabled[25].
Following, the progressively injection of fuzzy in the database mod-
eling techniques is described chronologically. The current best tool to
model real world contexts is represented, in my opinion, by Fuzzy
UML][ 14], which is explained in detail to conclude the chapter.

2.1.1 Imperfect information

Bosc and Prade B] in a work of 1993classibed various possible kinds
of imperfect information They listed 5 possible type of information,
each one with a clear and distinctive meaning:

a. inconsistent informationgroups data that cannot be reconciled
because several contradictory occurrences exist at the same time
(i.e. GeorgeOs age is known to b&4 and 37 simultaneously); itOs
often caused by processes of information integration [ 6]

b. imprecise informatiomepresents information whose imprecision
is related to the value of an attribute which is not a single value
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but an interval or a set; this forces to make a choice when pro-
cessing data (i.e. GeorgeOs age 84, 35, 36, 37)

c. vague informationrelated too to the value of an attribute, can-
not be represented as a proper set or interval but that can be a
linguistic value [ 26] (i.e. GeorgeOs height igall)

d. uncertain informationrepresents information that should be con-
sidered with a specibc degree of truth (JohnOs age i85 with a
degree of truth of 85%)

e. ambiguous informationndicates that some element of the model
is completely free of semantics and can raise several possible
interpretations (i.e. it may not be clear if one personOs salaries
stated are per week or per month).

ItOs possible and likely that in the same model several kinds of im-
perfect information coexists together. An example of imprecise and
uncertain information is JohnOs age, that is30 years old with a conp-
dence 0of 0.9, 31years old with 0.85and 32 years old with 0.7. Ambigu-
ous or inconsistent information is often avoided by methodical engi-
neering and designing processes, instead to treat imprecise, vague
and uncertain information Fuzzy sets looks to be the perfect tool to
qguantify imprecision and uncertainty.

2.1.2 Basic concepts of fuzzy data

Referring to a Fuzzy set means referring to an upgraded version of
the classic concept of mathematical set, with the capability of includ-
ing partially its elements in such a measure debned as degree of mem-
bership that ranges in real numbers from 0to 1 (included).

Let assume that an individual named John is 30 years old. Trying
to Pt John in a group of people labeled as OYoungO raises the question
of how much John can be considered young. If people are commonly
said to be progressively less young reaching their 40s, it follows that
John is not exactly young but he can be rated as0.75young. So his de-
gree of membership to the group of young people is 0.75 (itOs enough
to have one but also other in the group can be not fully young mem-
bers and have their degree of membership < 1), here having a non
complete membership brings to a fuzzy set: a more tailored represen-
tation of the reality.
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state of the art of fuzzy conceptual modeling

Tackling the issue of imprecise and uncertain information, another
point of view of the example above can be drawn. Assuming that
JohnOs age is only vaguely known, a Fuzzy set can be used to de-
scribe such information. Several integers representing JohnOs age are
associated with a certain degree of conbdence as i.e. he is30 years
old with a conbdence of 0.9, 31 years old with 0.85 and 32 years old
with 0.7. In this way the information about the age is imprecise, al-
though the vagueness is described exactly and henceforth can be later
processed.

In a more structured and formal way, provided a Universe of dis-
coursé with the powerful concept of Fuzzy set, itOs possible to intro-
duce the idea of Fuzzy Value which is a fuzzy set Fin the universe just
mentioned with a debPned membership function pF:U! [0, 1] where
MF(u) for u " U denotes the degree of membership in the fuzzy set
F= puF(ul)/ul.

The concept of fuzzy value easily bts for the example of JohnOs
vague age above.

When the membership function pF(u) is considered as to be a mea-
sure of the possibility that a variable X has the value u in this ap-
proach, where X takes values in U, a fuzzy value can be described by
a possibility distribution ! x[20]

'x = !x(ui)lug

where ! x(uj),u; " U, denotes the possibility that u; is true. Possibil-
ity distribution is, instead, more appropriate to support the example
of John belonging to young people group described above.

A Fuzzy set can support the same operations of an ordinary set
and for simplicity, an element with a degree of membership equals to
zero just doesnOt belong to the sef[5].

Since a Fuzzy set is a generalization of an ordinary set, imposing
that the membership degree of each element can be only0 or 1 brings
the context back to the ordinary theory of being in/being out in a
classic boolean fashion.

The totality of facts, things, or ideas that are implied or assumed in a given discus-
sion, argument, or discourse (Collins American English dictionary)
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2.2 theroad to fuzzy database conceptual models

The need of representing and manipulating fuzzy information in real
world models has led to the introduction of fuzzy logic in database
models [2, 16, 17, 27].

A database modeling process can produce two kinds of models [ 13]:
conceptual data models, as entity-relationship (ER) or UML models,
and logical data models like relational databases (RDBs) or object-
oriented databases (OODBSs). It is common knowledge that a con-
ceptual model can be automatically transformed through mapping
techniques in its related logical model that can be later rebPned for
performances improvements or other low level adjustments. Concep-
tual modeling, therefore, can provide the best support to generate the
most complete and least expensive (if compared to other design tools)
specibcation from the real world since its high level of abstraction and
robust and consolidated framework.

2.2.1 Level of fuzziness

Since the early ®s many works focused on enhancing the current
state of the art for data modeling providing fuzzy mechanism to store
and handle data for a large class of application. The brst concepts to
be revisited by Zvieli and Chen[ 27] were basic ER concepts, in which
fuzzy entity sets, fuzzy relationship sets and fuzzy attribute sets were
introduced, in addition to fuzziness in entity and relationship occur-
rences and attribute values. In that improved model three different
levels of fuzziness can be identibed:

¥ a brst level, where entities, relations and attributes can partially
belong to the ER model

¥ a second level, where instances of entities and relationships
can belong to their (respectively) entity and relationship with
a membership degree

¥ a third level, that considers only attributes (of entities and re-
lationship) which can assume fuzzy values, like an attribute
OAgeO can assume value OyoungO

From the point of view of the artifact that follows the design, the
prst level is ultimately shrunk down to a classic boolean fashion since
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an entity or a relationship has or has not to appear in the implemen-
tation. Anyway the prst level plays a crucial role in the design phase
as well as in the maintaining one.

Formally, let E, R, and A be the fuzzy entity type set, fuzzy re-
lationship type set, and fuzzy attribute set of the fuzzy ER model,
respectively Ug, Ur and pa be their membership functions. Then

¥ for an entity type, say E;, we have pg(E )/E;, where pug(E) is
the degree of E belongingto Eand 0! pe(E)! 1,

¥ for arelationship type, say R, we have ur(R)/R;, where pr(R;)
is the degree of R belongingto Rand 0! pr(R)! 1, and

¥ for an attribute of entity type or relationship type, say A;, we
have ua (Ai)/A i, where pa (A;) is the degree of A; belonging
toAand 0! pa(Aj)! 1

2.2.2 Fuzzy logic concepts in EER

After ER has been extended into EER for supporting specialization/-
generalization, category and aggregation, Ma et al.[17] worked to in-
troduce a conceptual framework in this new context, always referring
to the three levels of Zvieli and Chen[ 27]. The key point of the new
fuzzy model capabilities is to keep imperfect and complex real world
objects as close as possible to their representation. New constructs
has been introduced:

fuzzy generalization (specialization ) that have meaning of
grouping entity types with common features (or debPning sub-
classs from an entity type according to a certain feature) but
with the following constraint

#e" U Mspecialized _entity (e)! Hgeneric _entity

So, considering a fuzzy superclass E and its fuzzy subclasses
S1,S2,..,Sn with memberships functions Mg, Ms1,Ms2, .. Ksn
follows that

#e" E,#S" {S1,S2..n,Sn}, us(e)! ue(e).

To make S1,S2,.,Sn be a fuzzy total specialization of E itOs
enough that $S " {S1, S2,.,Sn} such that the previous expres-
sion is true. To have, instead, {S1,S2,.,Sn} be a fuzzy partial
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specialization of E should exists an element e " E such that for
all S" {S1,S2,.,Sn}itOs true thatpg(0) >0 ! psg(e)= 0

fuzzy category that is a subclass of the union of the superclass
with different entity types; let {S1,S2,.,Sn} and E be fuzzy en-
tity set with membership functions us1, Us2,..., Usn and Pg re-
spectively, E is a fuzzy category if

#e" E,$S" S1,S2,.,Sn, uUe(e)>0! ps(e)" pe(e).

The main difference between a fuzzy category and a fuzzy sub-
class is that for the latter one the formula above must hold for
all the superclasses and not just one (being S the set of super-
classes andE not a category but a subclass).

aggregation where a number of entity types, say S1,S2,..,Sn, are
aggregated to form an entity type, say E; if us1, Hs2, ..., Msn and
Mg are the corresponding membership functions, then the fol-
lowing holds:

$e" E,e1 " Sl,&" S2,.en, " Sn st He(e) = Usi (g)

1<i<n

2.2.3 Fuzzy object oriented databases

When Object-Oriented Databases started to play a more central role
on the scene of academic research, another trail opened with papers
concerning how to deal with fuzzy data in the new object-oriented
approach. Even though Bordogna, Pasi et al. in [2] have specibcally
designed a logical database model (FOOD), from their work a concep-
tual framework can be extracted. The authors introduce an extension
of the graph-based object model[12] in order to manage both crisp
and imperfect information by using fuzzy set theory and possibility
theory. The imperfection in data representation is modeled in FOOD
in order to debne the following aspects:

¥ Vague attribute values, that refer to vague information in the
Bosc and Prade classibcation. They are linguistic terms drawn
from the term set of a linguistic variable, which extends the
domain of the attribute.

¥ Uncertain property and uncertain link relationships, that con-
cerns about uncertain information [ 27] but with the degree of
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truth replaced by the degree of uncertainty which represents
the likelihood that the actual attribute value is different from
the one specibed (the opposite of the degree of truth).

¥ Strengthened property and strengthened link relationships, that
don®t express the uncertainty of the information but add more
data to the specibc property which is associated to (and can be
deduced by the context).

For example, the strengthened property OparticipateO® donOt in-
dicate that a OprojectO may have a OstaffO different form that
specibed, but that each speciPed member of the OstaffO has a
specibc involvement degree in the OprojectO.

¥ Fuzzy classes and fuzzy class hierarchies, intended only as fuzzy
occurrences of classes

Even if their work was conceived as an extension of an object-
oriented database management systems and their prototype lacked
some fundamental features of complete applications, they achieved
to make the brst step toward a good fuzzy object-oriented database.

In [16], Ma et al. take the ideas and results from previous works
in the Peld and clarify concepts that havenOt still well dePned as
fuzzy object specialization and fuzzy object relationship introducing
a generic model for object-oriented database. In the paper metrics
and basic properties are debned, as well as key concepts which an
object-oriented model must support and that will be elaborated in fu-
ture works from the same authors to establish the current state of the
art for conceptual modeling.

2.3 fuzzy uml conceptual model

Actually, the most advanced solution to obtain clear high level design
specibcation and deal with imperfect information is represented by
UML conceptual models, introduced by Ma etal in [ 14]. In their work,
all previous concepts introduced by themselves and others are used
to extend UML capabilities of modeling and representation. Fuzzy
sets and possibility distribution introduce different levels of fuzziness
into the class of the UML model, enabling the UML class diagrams to
model fuzzy information. Furthermore, based on the corresponding
graphical representation of the fuzzy UML data model, the paper
describes the formal mapping of the fuzzy UML data model into the
fuzzy object-oriented database model.
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Before introducing Fuzzy logic into UML modeling, a brief formal
description of a UML class diagram is given.
A simple UML class diagram is atuple D =(C, A, R, O), where

C = {c1,Cy,...,Ck}is a bnite set of classes,

A = {aj,a,..,a}is a Pnite set of attributes,

R={r1,r2,...,rm}is a Pnite set of relationships, and

O = {01,02,..,0n } is a Pnite set of objects.
Moreover:

¥ R%C& Cis a binary relation that represents the generalization,
aggregation, association or dependency (described in [22]).

¥ Forci " C(1! i! k), A(ci) represents a set of attributes of ¢; .
Clearly A(ci) %ag,as,...,ar, i.e.A(ci) %A.Fora; " A(1! j!
1), aj(ci) denotes the attribute a; of classc;. In the context of
the given ¢;, a; is used instead of a; (c;).

¥ Forci " C(1! i ! k), O(ci) means a set of objects thatc;
contains. O(cj) % 01,02, ...,0n, i.. O(¢;) % O. Forop, " O(1'!
p! n),anda; " A(1! j! 1), 0p(ci) denotes the objecto, of
ci, and op (3 (ci)) denotes the value of objecto, on attribute a;.
In the context of the given ¢;, op is used instead of o, (c;) and
Op (a;j) is used instead of 0, (a;(C;)).

In the context of Fuzzy UML model, a class diagram is referred as
a tuple O = {C, A, R,0} where each element is a fuzzy set with the
same semantic as for the simple UML class diagram above.

2.3.1 Fuzzy class

As the authors explain in [ 14],from a theoretical point of view a class
can be considered as:

a. a collection of objects with similar features (extensional point of
view, it basically concerns objects that are already OlivingO)

b. a set of attributes with their own value domains (intensional
point of view)
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When a class is debPned from the extensional point of view, if itOs the
case that objects have different degree of membership to the group,
the class results to be a Fuzzy class. From the intensional point of
view, instead, itOs the domain of a class attribute that makes or not
the class a fuzzy one. When debning a subclass, the new class is
designed from the intensional perspective (itOs a special case of point
2) and if the superclass is a Fuzzy class then also the specialized one
is fuzzy.

Refferring to the three levels of fuzziness:

a. The brst level evaluates the extent to which the class belongs to
the data model as well as the fuzziness of the content in terms
of classO attributes. At this point each classc; has a degree of
membership to the fuzzy set of classes C debned by a mem-
bership function i.e. p=(ci). The same reasoning holds for class
attributes, that can partially belong to a class by a membership
degree i.e.px(a;).

b. The second level of fuzziness evaluates the degree of member-
ship of OlivingO objects to their class. An objectop, (c;) is fuzzy
if contains at least one fuzzy attribute, and its degree of mem-
bership to the class ¢; can be established asp (0p (Ci))

c. The third level of fuzziness is related to the value of class at-
tributes. An attribute in a class debnes a value domain, when
this domain is a fuzzy subset or a set of a fuzzy subset, the
value of an attribute on an object, say op(aj(ci))(1! p! n),
is a fuzzy one represented by a possibility distribution, say
{(vi, 1 (v1)), (v2,! (v2)), ... (Vg, ! (vg))}. Here, 1 (vs)(1 ! q) de-
notes the possibility that op (a;(c;)) has value vs.

The traditional UML class diagram is simply a special case of the
Fuzzy UML class diagram, as shown below.

¥ For the brst level of fuzziness, if a class c¢; belongs to the di-
agram (and so to the set of classesC) its membership func-
tion shall be p=(ci) = 1 If a class doesnOt appear in the dia-
gram, its membership function is pe(ci) = 0 but since such a
class wouldnOt be inC either, itOs pointless to specify a member-
ship function. The same reasoning holds for class attributes, the
membership function of attribute a; shall be px(a;(ci)) = 1if
classc; has an attribute a;, otherwise itOs just missing from the
diagram.
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¥ For the second level of fuzziness, an objectoy is instance of ¢;
and has u(0p(Ci)) = 1or pe(op(ci))= 0

¥ For the third level of fuzziness, the attribute value of object op,
0p(aj(ci)), is a possibility distribution {! (vi)/v1,! (v2)lva, ...
I (vq)/Vv q}, which means that the attribute has the value vs(1'!
s! q) with probability ! (vs), but without imprecision or uncer-
tainty either ! (vs) = Oor ! (vs) = 1. This leads the possibility
distribution to a reduced crisp set and op(aj(c;i)) (the attribute
value) can be only a crisp value.

To model the brst level of fuzziness, i.e., an attribute or a class with
a membership degree, the attribute or class name should be followed
by a pair of word WITH mem DEGREE, where0! mem ! 1, which
is used to indicate the degree to which he attribute belongs to the
classs or to which teh class belongs to the data model [23, 18]. For ex-
ample "Employee WITH 0.6 DEGREE" and "Ofbce Number WITH 0.8
DEGREE" are a lass and an attribute, respectivley, with the prst level
of fuzziness. Generally, an attribute or class will not be declared when
its membership degree is 0. In addition, "WITH 1.0 DEGREE" can be
omitted when the case. Note that attribute values may be fuzzy. To
model the third level of fuzziness the keywork FUZZY is introduced
and placed in front of the attribute name. For the second level of
fuzziness, the membership degree to which an instance of the class
belongs to the class must be indicated. For this purpose, an addi-
tional attribute named | is introduced into the class to represent the
membership degree of the instance to the class, with domain value
[0, 1].

IHS%8 )"+

p
#P%&
'0)*+*&$,+-.+/0,12

34-56&+7189+:;<+"=>?==
K

Figure 2.1: Fuzzy class

Graphically, a class with the second level of fuzziness is denoted by
a rectangle with a dashed outline. Figure 2.1 shows the fuzzy class
Young EmployeeHere, the attribute Year of birthtakes on fuzzy values;
namely, its domain is fuzzy. It is unclear whether the class Young em-
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ployeehas the attribute Spousgbut it is known that youung employees
have spouses with intermediate possibility, say 0.5 so the attribute is
debned as uncertain. This class has fuzziness at the brst level, and its
membership degree is 0.9, in addition itOs not possible to determine
whether an object is an instance of the class because the class is fuzzy.
Therefore, an additional attribute p is introduced into the class for
this purpose.

2.3.2 Fuzzy generalization

The inheritance mechanisms makes possible to debPne subclasses of a
given class, letting the subclass obtain attributes and methods from
its superclass. Because a subclass is a specialization of its superclass,
every object belonging to the subclass must belong to the superclass
either.

In the Fuzzy UML data model, classes may be fuzzy. A class pro-
duced from a fuzzy class by means of inheritance may itself be fuzzy.
Therefore the relationship between two classes (general and special-
ized) can be fuzzy.

Since object instances of fuzzy class have a membership degree to
their class, itOs possible to leverage that information to determine the
subclass/superclass relationship (after having established a threshold
",

Hence, the following characterizes the subclass(cs)/superclass(cg)
relationship from an extensional point of view :

a. for any fuzzy object op O, ug(op(cs)) " " (the object op
belongs to the subclasscs for more than the threshold) and

b. ug(op(cs)) ! Hg(op(cs)) (the objecto, belongs to the subclass
less or equally than how belongs to the superclass)

The subclass is then a subclass of the superclass with a membership
degree that is the minimum of the membership degrees to which
these objects belong to the subclass.

Formally, let cg and cs be fuzzy classes, and" be a given threshold,
then cg is a subclass ofcg if

#0, " ! Ucg(0)! Heg(0)

where 0" O is an object instance ofcg and cs and p¢ (0) and peg(0)
are membership degrees of o to cg and cs respectively.
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The membership degree of the subclass/superclass relationship is
minucs(o)>! (UCS(O))

Above is the case that cg and cs only have the second level of
fuzziness. Therefore for classes with the second and the brst level
of fuzziness, from an extensional point of view, the subclass(cs)/
superclass(Cg ) relationship is characterized by:

#o, (" ! Heg(0) ! peg(O) ! ("' memc ! memc,)
where the classes are debned as follows:
¥ ¢cg WITH memc, DEGREE
¥ cs WITH memc, DEGREE

When classes are debned from an intensional point of view, there
is no object available, so to determine the subclass/superclass rela-
tionship the notion of inclusion degreanust [15] be used. Ma et. al
extended the inclusion degree to evaluate the membership degree of
an object to a class and to further develop the relationship between
fuzzy subclass and superclss.

Formally, let cg and cs be fuzzy classes and the degree to whichcg
is the subclass ofcg be denoted by p(cs, cs). For a given threshold
" Cc g IS a subclass ofcg if

H(cg,Cs) " "

where p(cg, cs) evaluates the relationship between specialized class
and general class according to the inclusion of the attribute domains
of cs with respect to the attribute domains of cg as well as the
weights of the attributes.

When cg and cs are classes with the brst level of fuzziness and
their membership degree is, respectively, mem., and memc the for-
mula above gets tuned to:

(H(cg,cs) " ") (" ! memcg! memcy)

(note the similarity with the extensional debPned class case).

A critical issue in subclass/superclass hierarchies is the multiple
inheritance of a class. Letcs, cg1,Ca2 be fuzzy classes with the prst
and the second level of fuzziness and " be a given threshold. The
fuzzy generalization relationship with multiple inheritances of class
can be interpreted according to a conjunctive or disjunctive interpre-
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tation. The two cases follows distinctly to highlight the key semantic
points of the debnitions, grouped by the tool used to characterize the

subclass/superclass relationship.
When using the degree of membership of an object to a class, the
conjunctive interpretation of multiple inheritance leads to say that cg

is a subclass ofcgy and cgo if:

#o,#c, c¢" {cc1,Ca2}
Pl peg(0) ! pe(0)
"1 memcg ! min(memcg,,memc,)

for the disjunctive interpretation, instead, must hold:

#o,$c, c" {ce1,Ce2}
Pl Heg(0) ! pe(o)
"1 memcg ! min(memcg, ,memcg,)

If using the inclusion degree to determine the relationship between
subclass and superclasses, in the conjunctive interpretation cs is a
subclass ofcg; and cg» if:

((ce1,cs) ™ ") ! (K(cg2.Cs) " ")
(™! memc,! memcg,)

(" ! memc,! memcg,)

for the disjunctive interpretation, instead, must hold:

(H(ca1,Cs) L'l memcg! memcg,)
" (M(cg2,cs) " "1 " memc, ! memc,,)
“+,$-.9%%
0-12()*+,%$-.%% I"HHSY& (Yot)*+,$-. %% I1$H)*+,$-.%%

Figure 2.2: Fuzzy generalization

Graphically, a dashed triangular arrowhead is used to represent a
fuzzy generalization. In Figure 2.2 the class Young EmployeeMiddle-
Aged Employeand Old Employeeall exhibit the second level of fuzzi-
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ness, meaning that the classes may have some instances that belong
to the classes with membership degrees. The two classes can be gen-
eralized into the class Employee

2.3.3 Fuzzy aggregation

The aggregation concept express the whole-part relationship between
an aggregate (the whole) and several constituent parts (the part),
where the constituent part can exist independently[ 22]. Each instance
of an aggregate can be projected into a set of instances of constituent
parts. Formally, let ¢! be an aggregation of constituent parts c{, ¢}, ...,
ci.Foro" c', the projection of oto ¢ is denoted by o' ¢+ which rep-
resents an instance ofci”. A class aggregated from fuzzy constituent
parts may be fuzzy. If the former is still called an aggregate, the the
aggregation is a fuzzy aggregation. Therefore each part belongs to the
aggregation for a specibc membership degree. The following method
can be used to determine the fuzzy aggregation relationship, from an
extensional point of view:

¥ For any fuzzy object, the membership degree to which it be-
longs to the aggregate is greater than or equal to a given thresh-
old, and

¥ the membership degree to which it belongs to the aggregate
is less than or equal to the membership degree to which its
projection to each constituent part belong to the corresponding
constituent part.

Then, the following holds

#0,0" c't " Her(0) ! min(Ker1(0' cr1)yeew Hetn (0" cn )

when the fuzzy class c' is the aggregate of any group of fuzzy
classesci,c;, ... ce. Here o is an object instance ofc' and " a given
threshold. The membership degree of ¢' when the class is an aggrega-
tion of the set {c{,c5,...Cp}is miny , (ev u) Mcti (0 cri)(1! i1 n).
The idea behind the method above is that each object (instance of a
fuzzy class) belongs primarily to its class rather than to a possible
aggregation, this leads the membership degree of the object to the ag-
gregation to be less or equal to the membership degree of the object

to its class.
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1

When classesc',c{,c}, ... are classes with also the Prst level of
fuzziness, and mem¢:, mem¢r, memcy, ... are their membership de-
grees, the formula becomes:

c't "1 pe(0)! min(pera(0 ¢r1), v Metn (0 ctn))

I ' memc: ! min(memcy, memcy, ...)

#0,0

From the intensional point of view, the inclusion degree must be
used to determine the aggregation relationship between classes with
prst and second level of fuzziness:

min (u(cy, €' ' cr1), - W(Cn, €' "cn)) ! memer I min(memcy,..)

here p(c/', c'
includes c¢' ' ¢y, .

cti) indicates the degree to which ¢ semantically

1%

,-10"1&"$ I"#$%& % (O)*++&+

Figure 2.3: Fuzzy aggregation

Graphically, a dashed open diamonds is used to denote a fuzzy
aggregate relationship. In Figure 2.3 a car is aggregated from engine,
interior and chassis. In 2.3, the engine is old, so the fuzzy class Old
Engineis a class with the second level of fuzziness. The classOIld Car
is aggregated from the classesinterior and chassisand the fuzzy class
old enginemaking Car a fuzzy class with the second level of fuzziness.

2.34 Fuzzy association

An association relationship with an association name is debned as
a binary structural relationship between two classes that associates
them, which specibes that the objects of one class are connected to
the objects of another class. The association relationship is debned on
the basis of classes, not on the basis of the objects of classes, anyway
each pair of objects in the corresponding classes has the same associ-
ation relationship. When fuzzy classes are associated they constitute
the fuzzy association relationship. For fuzzy classes with the second
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level of fuzziness, the class instances belong to the given classes with
membership degrees.

Formally, let ¢' and ¢ be two classes with the second level of fuzzi-
ness. The instanceo' of ¢' is an object with the membership degree
ter(0Y), and the instance 0" of ¢" is an object with the membership
degreepct(0"). The association relationship assc(o', 0") between objects
has membership degree as

p-(assc (0'0") = min (HCI(O!),UCI!(O”))

If ¢! and c" only have the brst level of fuzziness, with membership
degree mem¢: and memc: respectively, the association relationship
between classes isass(c', ¢"), and can be computed as:

H(assc (c'c!) = min (memc¢:, memecu)

When the classes have brst and second level of fuzziness, the two
types membership degrees are

H(assc (0'0") = Min (Ke!(0'), ueu(0™), memc:, memgr) (2.1)

H(assc (c',c") = Min (memc:, memcn) (2.2)

The pair of words WITH mem DEGREE Q! mem ! 1) after the
association name of an association relationship represents the associa-
tion relationship with membership degree. Graphically, a double line
with an arrowhead is used to denote the association relationship by
which the class instances are associated. In Figure2.4(a) is shown the
case where the fuzziness on the relationship is only debned at class
level; in (b) itOs certain that the relationship belongs to the context
but itOs unclear the level of participation of the instances of Advanced
DVD Player; in (c) both previous case hold simultaneously.

2.35 Fuzzy dependency

A dependency signibes a supplier/client relationship between model
elements, where the modibcation of the supplier may impact the
client model elements. The client is then non complete without the
supplier. A dependency relationship is only unidirectional. As the
association relationship, the dependency relationship is established
on the basis of classes, not on the basis of the objects of classes. In
fact, the dependency in only related to the classes themselves, and
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(a) Association with prst level of fuzziness
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(b) Association with second level of fuzziness
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(c) Association with brst and second level of fuzziness

Figure 2.4: Fuzzy association

doesnOt require a set of instances to give it meaning. Anyway each
pair of objects, that are instances of classes involved in a dependency
relationship, is in the relationship itself.

The same reasoning holds also for fuzzy classes with the second
level of fuzziness, where the dependency relationship is not affected
by such classes because of its class-to-class nature. Still, objects have
their degree of membership to their class. When the supplier class
in the relationship is fuzzy, also the client is fuzzy (itOs not true the
other way around), and the degree of membership of the latter is de-
termined ( 1-to-1) by the one of the former. Formally, taken two classes
involved in a dependency relationship, csupplier the supplier class
with membership degree memc yppiier and cclient be the client
class in the relationship, the degree of membership of cclient is

mem Cclient — mem C supplier

I"H$%6&." () 1%+, (-.J0(1234()!56!! I"#$%&"(-./0(124()!56!!
Figure 2.5: Fuzzy dependency

Graphically a dashed line with an arrowhead is used to denote
the fuzziness in the dependency relation. In Figure 2.5 itOs shown a
dependency case between fuzzy classesEmployee Dependeraind Em-
ployee The client one obtains its degree of membership to the model
from the supplier.
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2.3.6 A complete example
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Figure 2.6: Fuzzy UML model

In Figure 2.6, a complete example of Fuzzy UML conceptual model
is given. In this example, a Workshopis simply aggregated by two
classes, Equipmentand Worker. The class Equipmentis a superclass
with New Equipmentand Old Equipmentas its two fuzzy subclasses in
that they may have fuzzy instances. Similarly, the class Worker has
three fuzzy subclasses: Young Worker Middle-Aged Workerand Old
Worker. The classeswWorkerand Old Equipmenthave the fuzzy associa-
tion relationship operation, which exhibits fuzziness at both the prst
and second levels. The classwWorkerhas four attributes, with 1d, Name
and Major taking on crisp values, and the attribute Year of Birthtaking
on a fuzzy value. Also, the class Equipmenthas four attributes, with
Id, Nameand Site taking on crisp values and the attribute Condition
taking on a fuzzy value.

24 other notable works

In literature few other works can be found, here are reported two of
the most interesting, the brst one notable for the different approach to
the fuzzy introduction in data modeling and the last one for having
opened the branch of Fuzzy XML modeling.

fuzzy semantic model Apart from the track started da Zvievi
and Chen e followed by Ma et al, a notable work can be found
in [4] by Bouaziz, RaPk et al. In the paper the authors propose
an extension to the Uniped Semantic Model (USM) in order to
handle fuzzy information named Fuzzy Semantic Model (FSM).
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They claim that USM is better than ER/EER since USM rep-
resents more coherently some typical constructs of semantic
models and other than abstract concepts of specibcation/gener-
alization, aggregation and association USM debnes constructs
to represents constraints among class relationships and distin-
guishes composite classes from aggregate classes. It can be seen
as a derivate of the work by Ma et al with a key difference, the
model produced is closer to the context in analysis (to the oc-
curence of the context). For FSM the authors provide modeling
directives and graphical representation rules as well as metrics
to obtain various degree of memberships and few specibcation
for query handling.

fuzzy xml modeling Yan Liin [ 24] shifts back the focus to a more
deeper level of fuzzy modeling applied to XML databases. In
his work he shows how to extend the attribute value domain
with fuzzy sets in order to handle fuzzy information, he pro-
poses three data types: primitive fuzzy, fuzzy collections and
user-debned fuzzy data type, which can be restrictions of prim-
itive types or completely new structures with fuzzy attributes
(or plain ones). This is the brst paper that tackles together Fuzzy
data representation and XML modeling.



CPN RELEVANCE MODEL

In this chapter, the relevance information model is presented.

3.1 introduction

The CPN Relevance Model is a meta-model that enables database
designers to handle and represent relevance information about repos-
itory content in database schemas.

The CPN acronym stands for Characterizing, Prevalence and Note-
worthy. These three are elements that come from a generalization of
all the interpretation of relevance met in the research (a glimpse of
them is provided in the introduction) and form the basic information
that is henceforth expected to be treated.

LetOs take an object that can be said to have a relevant attribute,
with a certain degree of relevance. The relevance can then be intended
in different ways, as following.

¥ The attribute is characterizingthe object, that means when the
object is described the presence of the attribute has an impact
of a certain proportion.

¥ The attribute is prevalent within the objecthat means the object
shows several aspect and the attribute is more present (or less)
that the others

¥ The attribute has a certain degree of noteworthinessthat means
that a comparison can be made among several instances of the
attribute to establish a ranking based on some criteria.

Each relevance interpretation does not need to be btted in a con-
text, like a specibc interpretation of relevance (an economical rele-
vance criterion, in fact, can be totally inappropriate in an historical
context). The three relevance interpretations above highlight a com-
mon denominator among all the interpretations, and they model the
meaning that human would assume if those were used in natural
language conversation.

27



28

cpn relevance model

The triplet of CPN information can then be used to store data about
the relevance of an attribute and enhance the quantity and the quality
of information that can be extracted from a repository, since a bare
Oattribute present/not presentO can represent a too simplistic model-
ing.

In this chapter a detailed description of the model components and
how to properly intend their meaning is given, in order to clarify the
matter for data gathering design purposes and model implementa-
tion. Follows a formal description of the model, with debnitions of
properties and available functions. Those can be seen implemented
in the two case studies, later on in this thesis.

3.2 the model

The three components of the CPN Relevance Model can henceforth
be addressed as C-relevance, P-relevance or N-relevance.

Must be kept in mind that the CPN Relevance Model user considers
the abstract schema of a repository and not a running instance.

Also, when considering the relevance value of an attribute, with
the subjective evaluation of the attribute an end-user (an user for
which a CPN enhanced system is designed) can strongly disagree.
The key point is that, during the information gathering phase, other
than choosing the right scale to represent values (see the issue re-
ported in Characterizing relevance subsection), the CPN Relevance
Model user must be sure that information comes from a trusted and
reliable source. This source can be impersonated by committee or ex-
perts (of the Peld considered), as for this thesis, who are involved in
the most appropriate ways and time.

3.2.1 Characterizing

An attribute can be considered characterizing for a specibc object obj
in a certain degree C(obj). That means that when a natural language
speaker has to describe the objectobj, he or she will consider the
usage of the term associated with the attribute, and therefore the
expressive power of the attribute, as degree C(obj) in a range debned
a-priori.

For example, given a musical instrument, saying that "the instru-
ment is made of ebony" implies that ebony has a high characterizing
power. This has nothing to do with the percentage presence of ebony
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in the instrument. Ebony wood can or can not be the prevalent ma-
terial used to build the instrument. As a clarifying example of this
take the the Iron Crown of Lombardy (shown in Figure 3.1), which is
highly characterized by iron even if there is no iron at all.

A simple question to verify if an attribute can assume a character-
izing role is the following:

Can this information be used to describe a more complex object,
and can be established how much this information characterize
the object itOs referring to?

Or rephrased:

QGCan be said whatOs the weight of the attribute in the objectOs desddiption?

Once the question is answered positively, a value range can be de-
Pned to support the C-relevance. A wide range allows a Pner accu-
racy when processing the information, but it can be overly compli-
cated to establish the meaning gap between two adjacent values. On
the contrary, a short range can be more intuitive and comfortable to
use when the relevance information is gathered, but it can result to
be too expressively poor. The extreme case is a Boolean value, where
the attribute can result to be characterizing or not, and the difference
between two possibly characterizing attributes is completely absent.

Figure 3.1: The Iron Crown of Lombardy shows that an attribute can play
a strongly characterizing role even if it absent (has a null pres-
ence).

3.2.2 Prevalence

The prevalence relevance information is perhaps the most intuitive in-
terpretation one can think of, since it expresses the fractional presence
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of the attribute with respect to the object. An attribute can represent

more than a half of the object is referring to, in this case its P-relevance
value could be 60% or 0.6 or 60, for example. The P-relevance nature
leads values to be constrained to form the complete, no less and no
more, object when all the attributes all considered. To rephrase, the
sum of P-relevance values must be a debPned and bxed number for
all the objects of the repository (60% plus some other attribute P-
relevance values must be equal to 100%).

To understand if an attribute can have a P-relevance value, a ques-
tion follows.

QCan this information indicate the percentage presence of an attribute
with respect to the object it refers ©7?

Or rephrased:

QCan the attribute partially belong to the object, in different measure that
the rest of the attribute<?

For example, in a vanilla-chocolate ice cream, if the vanilla is three
fourth of the ice cream, its P-relevance can be expressed as/5%, and
this leads the chocolate P-relevance value to be25%.

For the P-relevance value ranges there is no actual recommenda-
tion, since the value can mostly be intended as a percentage value
and so treated as a fraction or a percentage. Also, the issue of repre-
senting too poorly P-relevance values cannot be encountered without
a semantic contradiction. LetOs take the extreme case of C-relevance
value ranges, if a P-relevance value could be only 0 or 100%, in case
for an object two attributes are present at the same time, the total
P-relevance would be 200, which is not permitted.

3.23 Noteworthy

The trickiest relevance information to understand is the one obtained
by the noteworthiness of an attribute. This information is referring
to instances of attributes, that can be subject to a quality evaluation
for some debned criteria. Another aspect to keep in mind is that the
attribute must be considered as part of an object that is part of a
Universe of discourse: given that an attribute instance must be com-
parable with other instances for other objects. A noteworthiness com-
parator can be intended as provider for N-relevance information.

For example, in a series of shoots for a driver licence photo, each
picture can be judge as better than some others, or worse, establishing
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so a ranking based on the quality and the appreciation of the single
image. The evaluation of the picture is the N-relevance value.

Again, a question to understand if an attribute can represent a valid
N-relevance candidate follows.

QCan this attribute itself be rated with some criter@a?

The same indications about the C-relevance value range hold also
for N-relevance.

3.3 formal definition

This section gives a formal debnition of the CPN Relevance Model.
A CPN Relevance enhanced database is a tupleT = (#,F,V,D,$), in
which # is a bnite set of relevance interpretations, F is a bnite set of
facets,V is a bnite set of facet-values,D is a bnite set of domains and
$ is a bnite set of items.

In this work it is assumed the available relevance interpretations
$ = {%,%,..., %]} are the ones described above in the chapter, so it
is correct to consider #; = C,#, = P,# = N. Actual systems can im-
plement only partially the set of relevance interpretations proposed.

Moreover:

¥ F= {fy,fs,..,fx} is the set of facets, a set of mutually exclu-
sive and jointly exhaustive information categories, each made
by isolating one perspective on the items (a facet), that combine
to completely describe all the objects in the repository.

¥ Forf; " H1! i! Kk),V(f;) represents the set of values that the
facet can assume. ClearlyV(f;) % {vi,v2,...vi }, i.e. V(f;) % V.
When f; is given by the context, simply v; or V is used instead
of Vj (fi) or V(fi).

¥ D %#&R&V is aternary relation that specibes which numeric
values the relevance interpretations can assume for each facet-
value. Note that integer numbers are also included as known
subset of real numbers.

¥ $=1{%,%,..%}is the set of items that the database contains
and that are classibed according to the debned facets.

Then x(%,f;,vy,#) " D~ v, represents the value of the t-th rele-
vance interpretation of the i-th object evaluated for the j-th facet and
its u-th facet-value and has value according to the allowed domain.
1tOs the basic unit of information the model expects to treat.
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3.3.1 Horizontal, Vertical and Mixed functions

In addition to the debPned model, a series of functions are proposed
in order to make use of the relevance information contained in a CPN
Enhanced database. Below theyOre given in their abstract form, since
each specibc applicative domain would have its own need and re-
quirements, making impossible to report an exhaustive list. Instances
of the different kind of functions are presented for the two case stud-
ies, in order to show how they can be implemented and what are the
possible information that the model can enable to extract from data.

Relevance functions are classibed according to the level of user in-
teraction that they can enable within the system implementing the
model object of this thesis.

On a brst level of interaction, the horizontal functions enable to
determine the relevance of the various items with respect to the entire
dataset. They take the following form

&WFV, %) =y" R

where %is the object the relevance valuey is being computed for,
F is a subset of the available facets,V is a subset of their relative
facet-values, and# is a subset of the available interpretations.

On the second level of interaction, the vertical functions can deter-
mine relevance information of facet-values among the repository, de-
noted vertical information. 1tOs a reading of the data that completely
differs from the one made by horizontal functions. In vertical func-
tions the object the relevance is computed for is a facet-value in V
not an item in $. ItemOs relevance data is aggregated and results are
relative to the parent facet or the entire dataset, in case more than
one facets share the same facet-value with the same semantic. Then a
vertical function takes the form of:

"(v,F#®=w" R

where v is the facet-value the relevance w is computed for, Fis
a subset of the available facets and# is a subset of the available rele-
vance interpretations. An example of a beta function can be a function
to average P relevance values of the items in order to get the average
prevalence of a facet-value with the respect to its facet.

Mixed forms of functions can be made, in order to obtain horizontal
information results (regarding item relevance) using vertical informa-
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tion. In this case mixed-' functions (or simply ' function) take the
form of:

"(%FV,E")=y" R

where the Prst four arguments have the same meaning as for hor-
izontal functions, %is the item the relevance value y is being com-
puted for, Fis a subset of the available facets,V is a subset of the
available facet values that holds for the facets in F, # is a subset of
the available relevance interpretations, and " represents a set of ver-
tical functions that computed vertical information to be used by the
gamma function.

Also, the dual can be debned, that is a mixed-( function (or sim-
ply ( function) computing vertical information about a facet-value
relevance using horizontal information in the process. This takes the
form of:

((v,F,£,&! R

where v is the facet-value the relevance information is being com-
puted for, Fis a subset of the available facets,# is a subset of the
available relevance interpretations and & is a set of horizontal func-
tions to be used by the ( function.

For all the kinds of functions debned and described above, an
extended version exists that can be applied on a restriction of the
dataset. Functions treating a subset of the available items are denoted
by a star symbol, then the following ones exist:

¥ & (%FV,#3%)! R
¥ "*(v, F#3$)! R

¥ " H%F V2" $)! R
¥ (%(v,F#&9%)! R

They all have an argument more than their more restrictive version
described above, $, that represents the subset of items that have to be
involved computing the function value. Clearly when $ is equal to $,
the starred version acts as the plain one.

33






MUSEUM OF MUSICAL INSTRUMENTS

In this chapter, the brst of two case study is presented.

4.1 introduction

The Civic Museum of Musical Instruments in Milan came into being
in 1958 thanks to the far-seeing interest of the city government, which
purchased the collection of instruments formed by Maestro Natale
Gallini in the course of a search lasting around forty years. The main
core of the museumOs holdings is thus not of historical origin, but is,
rather, the fruit of private collecting: a frequent phenomenon in the
story of musical life in Milan[ 9].

In this chapter itOs reported the study made on the keyboard instru-
ments section of the museum, and how the CPN model has been
implemented on a repository designed ad-hoc from scratch to ex-
tract non-trivial information about instruments and the classibcation
method itself.

Relevance information is essential in classifying properly every item
given the continuous restoration made on the elements in the collec-
tion. In fact, each wood type that did characterize an instrument in a
century could have been almost entirely replaced, shifting its classib-
cation even at the other end of the spectrum. All the terms and quali-
pcations given and attributed to each instrument must be supported
and justibed by an interpretation that resolves every ambiguity that
can arise.

ItOs not in the aims of these thesis give an exhaustive description of
how the various types of instruments differs from each other, as well
as how the single parts of each instrument relates to historical periods
or geographical location. An overall description of the subject topic is
provided, to understand what kind of data has been analyzed to de-
sign a relevance-enabled data model, then a formal implementation
of the abstract functions from Chapter 3 is given.
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4.2 keyboard instruments

Among the various kind of musical instruments, the ones played us-
ing a keyboard are classibed as Keyboard Instruments. Under this
umbrella there are, regarding this thesis, Harpsichords, Clavichords,
Virginals, Spinets, Organs and Pianos. Each one of these can be clas-
sibed according to [21] that refers to the Hornbostel-Sachs classibca-
tion[ 10] as shown in Figure 4.1.

IHSYHE () <($H&#()
*4 - (%/012"] g ~18/$19
Sav254 28, 1&/$1%9(
512".(67#3%$%) 512"1.(67#3$% 512"19%##>(
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&1&()

Figure 4.1: Classibcation of the keyboard instruments analyzed

A keyboard instrument is composed of several parts, depending on
the specibc instrument type.

Instrument parts can be considered as unique objects, even if com-
positions of other constituent parts, or as simply aggregations of sin-
gle and specibc objects and so treated as collections. An example is
the keyboard, which is a collection of keys but itOs almost always
considered as an atomic entity, or the jacks in a harpsichord that are
collectively referred to as a collection.

Every component is made of one or more wood type and has hall-
marks left by authors or by restorers during the centuries-long life
of the instrument and its evolution. In addition, every component
can be attributed to one or more epoch or geographical area, for its
constructive or mechanical features and can represent a distinctive
characteristic of an instrument with respect to another.

A deep, precise analysis by beld experts has been conducted and
each instrument has been probled and recorded into the catalogue
of the Museum of Musical Instruments[ 9]. The descriptive probles of
the instruments report the peculiarity of each aspect in analysis as
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well as considerations about the conservation state or author attribu-
tion, whenever it can be ambiguous. In total, the catalogue reports 75
instruments.

The catalogue moreover provides hints of relevance information
that have been used to generate the data set for this project.

The set of materials that can overall found reported in the catalogue
can be grouped in three subsets:

wood type ebony, maple, mahogany, cypress, walnut, beech, rose-
wood, poplar, linden, boxwood, chestnut, durmast, oak, fruit,
pr, cherry, elm, birch

metals tin, copper, steel, lead, brass, iron

other bone, felt, leather, ivory

4.3 facet analysis

For this case study, faceted analysis is conducted as followings.

a. Keyboard materials: this facet permit to identify instrument by
the presence of a specibc material in active components that are
responsible to produce sound (keyboard, mechanics, jacks).

b. Soundboard material: this facet describes the composition of the
passive parts of the instrument in charge of amplifying sound
or enclosing the instrument in a furniture shaped case.

c. Place of birth: this facet indicates the city where the instrument
has been built.

d. Time of birth: this facet indicates the year when the instrument
has been built.

e. Conservation state: through the centuries, instruments have been
kept with the due regards or just used and mistreated; this facet
indicates and evaluation of the conservation state of the instru-
ment as we can look at it nowadays.

f. Artistic merits: instruments could have been built for Kings,
Queens or Emperors or more modest owner and hence have
been embellished with different kinds of ornaments, some most
elegant or precious than others; this facet indicates the bnesse
degree of the instrument in its entirety.
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44 cpn model implementation

As already mention, the study of the instruments has been conducted
by experts working along with the Museum of Musical Instruments
under the supervision of Castello Sforzesco directory.

Each instrument proble has then been analyzed and relevance in-
formation has been retrieved following the CPN Relevance Model.
Two of the facets have been enhanced to handle relevance informa-
tion: Keyboard materisand Soundboard materiaFigure 4.2 shows how
data has been stored and whatOs the semantic for the example, as the
general idea is following.

Facet values are material types for both facets, and the implemen-
tation of CPN Relevance Model can be intended as following:

¥ Characterizing Relevance: a material can be strongly representa-
tive in the proPle of the object, and the estimation of its weight
is given in arange from 1to 10where 1 represents that the facet-
value (the material) has really no expressive power when used
to describe the object and 10 represents that its presence is the
most prominent and absolutely dominant characteristic for the
object proble.

¥ Prevalence Relevance: more than one material can compose an
object (Keyboard or Soundboard), then the percentage of pres-
ence of a material, with respect to the object, represent the rele-
vance in Prevalence criteria. l.e. in a keyboard made for 50% of
walnut, the walnut P-relevance value is 0.5.

¥ Noteworthy Relevance: each material in the instrument have
a different quality degree, and can be noteworthy in a certain
measure according to the judgment of an expert like a restorer
or a beld researcher. The N-relevance value indicates this note-
worthiness degree.

A formal debnition of the CPN Relevance model implementation
is now provided.

44.1 Data model

The CPN components of the tuple T = (#,F,V,D,$) are debned as
follows

¥ The set of facetsFis F= {Keyboard, Soundboard }
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KEYBOARD MATERIALS

ebony fir maple

c P N|C P N|C P N

447. Clavicembalo 3 3 4|2 5 2
448. Clavicembalo| 5 10 5 1 10 6
449. Clavicembalo| 8 5 5 | 1 35 6
450. Clavicembalo| 9 10 7 | 6 5 5
451. Clavicembalo| 2 10 7 | 8 10 8
452. Clavicembalo in miniatura 7 90 3
453. Clavicembalo| 7 5 7 | 3 35 6
454, Clavicembalo convertito in pianoforte| 10 5 7 | 7 15 8
455. Clavicembalo| 7 10 6 | 1 90 4

Figure 4.2: Detail of the CPN data for the museum repository. Where
data is missing means that the material has not been found
in the instrument. It can be seen that ebony wooctan be con-
sidered highly characterizing for the keyboard of instrument
449450454, while is almost irrelevant for instrument 451, even
if they are estimated on the same level of noteworthiness. For in-
strument 452 br woodis the prevalent material in its keyboard,
and can be considered characterizing while not so noteworthy.
For some instrument, as for 455 also can happen that the most
prevalent material is neither noteworthy or characterizing.
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¥ The set of facet-values is composed by all the materials that can
be found in the catalogue instrument descriptions, V = {ebony,
boxwood, maple, mahogany, cypress, walnut, beech, cherry,
rosewood, poplar, linden, boxwood, tin, brass, bone, felt,
leather, ivory }

¥ $ is the set of instruments contained in the catalogue

¥ #={# = C,#, = P,#3 = N}, since for this case study data for
all the relevance interpretations have been collected

¥ The relevance value domains referred by D are described above
as[1;101" NN for #; and #3 and [1;10(0 " IN for #,

4.4.2 Function implementations and examples

From the model dePnition in Chapter 3, four types of abstract func-
tions come those can be implemented given the specibc level of inter-
action that has to be allowed to the end user:

¥ & functions, that accounts only information about one item in
order to establish its relevance value considering one or more
interpretations of one or more facet-values and facets (provid-
ing horizontal information).
These take the form of: & %F,V,# ! R

¥ " functions, that are meant to retrieve vertical information about
relevance of facet-values.
These take the form of: " (v,F,#) ! R

¥ ' functions, that computes horizontal information using items
data and vertical information together.
These take the form of:' (%F,V,#")! R

¥ ( functions, duals of the ' ones, that computes vertical informa-
tion using aggregated itemsO data and horizontal information
together.
These take form of: ((v,F,#,& ! R

For all the abstract functions reported, the following holds: %or v
are respectively the item or the facet-value for which the relevance
value is being computed for, Fis a subset of the available facets,V
is a subset of the available facet-values,# is a subset of the available
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relevance interpretations, & is a set of horizontal functions and " is a
set of vertical functions.

LetOs recall thatx(%,f,v,# is the relevance value with interpreta-
tion # of the facet-value v of facet f in object %

Horizontal functions enable the system to answer user guestions
as, for example:

¥ WhatOs the relevance of this instrument if considering only the quality
of the wooden materials of its keyboard?
In this case, the researched value is

SumN (i, {keyboard }, {ebony, fir, ..}, {#3}).

Assuming the function name as SumN and the F and # subset
as a single parameter to lighten the notation, function SumN
can be implemented as

SumN (%, f,V, #s3) = X(%, f, m, #3)
ms$V

¥ What are the instruments where there is at least one really character-
izing and noteworthy material?
In this case it has to be computed

argmax{MaxCN (%, F, V{#, #3})}
#$$

The horizontal function in this case can be implemented as:

MaxCN (%, F, V{#1,#3}) = f$rPa?§v{X(%’ f.v,#)-x(%,f,v,#)}
v
Examples of information that vertical functions can enable to obtain
are:

¥ The average presence of ebony in instruments in the collection
The following value has to be computed:

AverageP (ebony, F, #3)

and the average vertical function can be implemented as:
! n

_ 1" 1"
AverageP(v,F,#) = =l e X(%, f,v,#)
f$F #$$
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KEYBOARD MATERIALS SCORE

FN1 FNMax a\z’;‘a;e Average N SvuaTJeps’\‘ vals;erz vF;:\:en Total Ranking
N =Max N

447. Clavicembalo| 4,80 384 4,00 3,60 3,55 0,30 28,39 69

448. Clavicembalo| 7,71 6,69 714 6,43 6,45 0,90 50,51 12

449. Clavicembalo| 6,28 570 4,44 5,56 5,54 0,35 37,11 55

450. Clavicembalo| 6,31 576 3,75 5,63 515 1,40 36,90 56

451. Clavicembalo| 6,83 5,90 5,00 5,67 4,60 0,80 39,60 44

452. Clavicembalo in miniatura 525 4,65 5,00 4,50 3,30 0,60 33,90 63
453. Clavicembalo| 7,29 6,71 8,57 6,57 6,70 2,40 57,79 4

454. Clavicembalo convertito in pianoforte| 6,92 6,05 5,00 5,83 515 1,20 41,35 41
455. Clavicembalo| 5,50 510 0,00 5,00 420 0,60 21,00 74

456. Clavicembalo| 5,75 5,55 2,50 5,50 5,65 3,90 37,75 53

Figure 4.3: Horizontal functions produce horizontal information. They pro-

cess instrumentOs data to obtain a relevance measure. In the
snippet above, several functions run: FN1 and FNMax account
Max N values and Average Nvalues among keyboardOs materials
with different weights; %N > averagds the percentage of instru-
ment that is composed by material rated as above average for
their noteworthiness (in this case %N > averageis a ' -function,
which concern of item relevance); Sum PN and Sum PN func-
tions are two different way to combine the noteworthiness of
the keyboardOs materials with their quantitative presence; Total
is the weighted sum of the previous measures; Ranking shows
the positioning of the instrument in a list ordered by relevance
of its keyboard from most relevant to least relevant. In the case
study, also Soundboards are evaluated, so the score from key-
board gets combined with the score from the soundboard to
obtain the instrument relevance.
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¥ At maximum how much the walnut characterizes soundboards
The following value has to be computed:

MaxC (walnut, Soundboard, # 1)

and the vertical function takes the form:

MaxC (v,f,#1) = g1$a$?( X(%, f,v,#)

¥ How many instruments have a noteworthy part made of br wood
The researched values is:

CountN (fir, F,# 3)

and the vertical function is:

ebony

fir

maple
mahogany
cypress
walnut

Average P

1,52
32,47
6,00
6,87
9,53
11,00

CountN (v,F,#) =

# #
# #
§$ n n g
- {%" $X(%,f,v, ) )}ﬁ
f$F
SOUNDBOARD
Average | Average |Average CP
Max N | Average N CN CP * Average N
7 5,50 5,04 0,09 0,49
9 599 34,23 2,06 12,31
9 4,96 8,31 0,34 1,70
7 5,63 533 0,27 1,52
8 570 7.99 0,47 2,70
8 579 14,13 0,60 3,49

Figure 4.4: Vertical functions produce vertical information. They process
aggregated instrument data to obtain a relevance measure
for facet-values. They provide insights about property of the
dataset. In the snippet above, several functions run: Average P
shows the average presence of various materials in the collec-
tion; Max N shows the noteworthiness of the best instance of an
element of a specibc material in the dataset;Average Ncomputes
the average noteworthiness of a material; Average CNtends to
answer to a question such asOn average, how much does the note-
worthiness of a material characterize an instrumenthile Average
CP computes data to answer to On average, how much does a
material participate in characterizing an instrument? And whatOs its
weight? in the right-most column, Average CP Average Nrelates
the characterizing strength of a material with its presence and
the average noteworthiness to express a value about how good
is a material in relation to how much itOs present.
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Example of information that a ' function can enable to extract is
How many materials the instrument sigma has rated as noteworthy above
their average noteworthy rate?
Given a vertical function " ;(v,f,#3) that computes the average note-
worthiness of a given material v for the facet f, the researched value
is:

AboveAvgN (%, F,V,%," 1)

that can be calculated as

»
S

AboveAvgN (%, F,V,%," 1) =

_

V" VIX(%,f,v, %) >" 1(v,f,#3)}i.
$F #

An example of information that a ( function can enable to extract
is: In how many instruments ebony wood represents the prevalent wood
Given a function &1(%F,V,#,) that computes the maximum value
of prevalence among the materials of the instrument sigma, the re-
searched value is

MostPresent (ebony, F, #5)

that can be computed as

»
-

MostPresent (v,F,#) =

e

{%" $|X(%1fava#2) = &1(V,f,#2)}§.
f$F #
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In this chapter, the second of two case study is presented.

5.1 introduction

EDOC@Work 3.0, Education and WORK On Cloud, is a national re-
search project developed in the frame of Smart Cities program and
Communities Regioni Convergenza, promoted by the Minister of Ed-
ucation, University and Research.

During the academic year 201415, 120 teachers have been inter-
viewed about the OPolicultura Digital StorytellingO project of Politec-
nico di Milano, in order to verify how the introduction of modern
technology could impact on educational activities. The survey was
intended to identify how learning processes have been designed and
which methodologies and tips have been used to create each technology-
enhanced experiences. Those experiences were all aimed to produce
a digital story, composed used the tool 1001 Storia[7].

The disruptive impact of technology evolution on traditional edu-
cational methodologies has been analyzed with the Dynamic TPACK
model[ 8], an evolution of the TPACK model[ 11] that allows to track
the growth of interactions between content, pedagogical and techno-
logical knowledge of involved subjects.

One of the ultimate goal of Edoc@Work 3.0 is achieving whatOs
called Smart Education, which is a cornerstone for Horizon 2020and
European Digital Agenda. Some of aims are:

¥ Educational innovation through modern digital instrumentation

¥ Paradigm switch from OSchool as content providerO to OSchool
for skills and aptitude developmentO

¥ Improvement of quality and efpciency of information leverag-
ing new learning models and digital technologies

¥ Double the count of graduated students by 2020

ICT and technological innovation enables school system to enhance
research activities and create new Pbgures to share and spread knowl-
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edge. Just using modern devices, as tablets, notebooks, e-readers,
video-walls and multimedia interactive blackboards is not enough

to fully express the Smart Education vision. The bnal phase of the
Edoc@work 3.0 project is the individuation of best methodologies and
solutions to introduce technologies and dramatically renew didactics.

A survey of educational experiences has been conducted to under-
stand if and how technology supported the achieving of pedagogical
benebts and to estimated the real convenience.

The repository of data for this case study is already up and running,
but does not implement any relevance model at all. A database of ed-
ucational experiences already exists and a web portal provides basic
exploratory functionalities. This has been used as a starting point to
consider relevance information incorporation. A description of such
database can be found in Appendix C.

In this chapter, at brst an overview is given of what and how educa-
tional experiences have been collected and what are their main charac-
teristics. Then, itOs described how the CPN Relevance Model has been
implemented to enhance the quality of exploration for this repository
and following a formal implementation of the abstract functions from
Chapter 3 is given.

5.2 educational experiences

Educational experiences data has been collected and probled inter-
viewing one-to-one teachers who participated at Edoc@Work 3.0, in-
vestigating the main aspects of educational experience where ICT
technologies played a crucial role. In particular, analysis focused on

three areas:

¥ ldentibcation of specibc context
¥ ExperienceOs stand out characteristics

¥ Achieved results

Within the specibc context are collected information to precisely pic-
ture the experience scenario, like: school typology, geographical loca-
tion, social-cultural-economical level, characteristics about students
involved as problematic elements or excellences, motivational level
and participation, and about the teacher: whatOs her/his idea of him/her-
self, whatOs her/his favorite pedagogical approach, howOs her/his re-
lationship with technologies also related with didactics. To better un-
derstand specibc characteristics, other than information about how
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hardware and software tools have been used, also the implementa-
tion of the experience has been investigated. Questions asked by re-
searchers to participants were about what was the organization, in
which phases the work has been split, if roles were assigned to stu-
dents and how much time did the experience take.

For the purposes of understanding the growth of teachers and stu-
dents, the Dynamic TPACK model has been used[8]. The acronym
stands for Technology, Pedagogy And Content Knowledge. Through
the TPACK model, authors described that three kind of knowledge
are needed by teachers to efpciently and effectively transmit knowl-
edge: content knowledge, pedagogical knowledge and technological
knowledge. These three domains, in fact, interacts with each other
generating new knowledge. ItOs not enough that a teacher is compe-
tent for his subject or highly skilled in the use of computers or digital
devices, a teacher should know how leverage each aspect to maxi-
mize knowledge transmission. The Dynamic component express the
change of these knowledge over time. Researchers then have asked
about how was the level of knowledge for students and teachers be-
fore the experience and whatQOs the feeling at the end, to obtain infor-
mation about changes and progress.

Among the achieved results there are information about the out-
put of the experience and, more interesting, the benebts obtained by
students participating to the experience. It has been asked if commu-
nicative skills have been improved, or team-working skills or motiva-
tion level has changed. It has been evaluated the content knowledge
gained and if the students have developed transversal skills.

In total, 113 educational experiences have been analyzed.

5.3 facet analysis

Educational experiences can be classibed according to several aspects
like year, school level, subject and so on. Among all these information,
some have been selected as candidate to be treated with the CPN
Relevance Model. The chosen facets included in this case study are
listed below.

a. Pedagogical organization: students can face an exercise grouped
together or alone.
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b. Site: students can work at home, at school or on a guided visit
in some non-scholastic environment. This facet indicates which
kind of organizational choices are included in an experience.

c. Benebts: this facet indicates which benebts have been acquired
by students with the experience. The values this facet can as-
sume (and so the benebpts students could have gained) are: Con-
tent comprehension, Curiosity, Critical thinking, Communica-
tion skills, Collaboration skills, Media literacy, ICT literacy, Ini-
tiative, Design capability, Leadership and Motivation.

d. Teacher TPACK: this facet indicates how the technological, ped-
agogical or content knowledge have increased for the teacher
with the experience.

e. Student TPACK: same as Teacher TPACK, the facet indicates
the growing of student technological capabilities and content
knowledge.

f. School level: the facet indicates at what level of education the
experience took place

Each one represents a different perspective to look at the repository
of experiences.

54 cpn model implementation

Relevance information has been gathered for Pedagogical organization
Site, BenebtsTeacher TPACKand Student TPACK Following the CPN
Relevance Model, experts have analyzedl113experiences probles; they
provided relevance value in these ranges:

¥ for C-relevance: integers from 0 to 10;

¥ for P-relevance: integers from 0 to 100 (representing the after-
point digits of a percentage value);

¥ for N-relevance: integers from 0to 10.

Figure 5.1 shows how data has been stored and whatOs the seman-
tic for the example. To better clarify how relevance has been intended
during this case study, the meanings of each component for the vari-
ous facets follow.
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¥ Pedagogical organization information has been evaluated con-
sidering (for each experience) if the fact students were working
alone or grouped had a characterizing impact for the experi-
ence (C-relevance), in which measure they worked (P-relevance)
and how the organization choice resulted a winning choice (N-
relevance). Typical questions experts have been called to answer
were: OHow characterizing is for this experience that 200 stu-
dents were grouped and that they worked together to write and
record dialogues?0 or OStudents have worked most of the time
alone, and they produced high level material that have been
uploaded by the teacher. How much is it noteworthy?0O

¥ Site has been subjected to a similar evaluation as the Pedagog-
ical organization, here the workplace of students for an expe-
rience has been taken into account. In cases teachers led their
students on a guided tour, this have been considered more char-
acterizing than just playing or hanging outside the school area
or interviewing parents and relatives. The measure they worked
at home or at school or remotely have been used to establish the
P-relevance. The importance of the place with respect to the ex-
perience has been used as noteworthiness degree.

¥ For each benebt, it has been evaluated how the impact of the
benebt characterizes the experience, whatOs the relative impact
for the various benebts acquired, then transformed in percent-
ages for the experience, and how strong has been the impact (for
the N-relevance). The same reasoning holds for Teacher TPACK
and Student TPACK.

A formal debnition of the CPN Relevance model implementation
is now provided.

5.4.1 Data model

The CPN components of the tuple T = (#,F,V,D,$) are debned as
follows

¥ The set of facetsF is F = {TeacherTPACK, StudentT PACK,
Site, Pedagogical Organization, Benefits  }

¥ The set of facet-values is composed by the values that facets can
assume
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TPACK

Delta 1T'iacher Delt Teacher Pk Delta giacher Delta Student Tk Delta g:(udent
Cc P N | C P N | C P N | C P N | C P N

EXP#14_302 (Sozzi) 7 100 10 2 100 6
EXP#14_306 (Artale)| 4 60 5 3 20 1 0 20 0 1 50 4 7 50 3
EXP#14_314 (Bossi)| 3 60 5 2 40 3|3 40 5|2 60 6
EXP#14_315 (Cappelli)| 2 50 7 2 50 3 2 60 7 2 40 6
EXP#14_318 (Castellani)| 5 30 8 5 40 5 5 30 6 3 80 8 5 20 6
EXP#14_311 (Di Camillo)| 4 50 7 6 40 4 3 10 3 4 70 6 0 30 5
EXP#14_317 (DiRonza)| 0 5 1 2 10 3 0 85 1 0 50 6 0 50 6
EXP#14_309 (Gavazzi)| 5 40 6 5 40 6 5 20 2 5 50 6 5 50 6
EXP#14_308 (Mascape)| 2 90 7 | 1 5 112 5 1 2 30 4|10 70 8

Figure 5.1: Detail of the CPN data for the EDOC repository, TPACK Data.
Where data is missing means that the specibc aspect has been
missing in the interview with participants to the EDOC project.

It can be seen that for experience14 318 the teacherOs technol-
ogy knowledge grew quite a lot but the most prevalent growth
has been in pedagogical knowledge. Students, in experience
14 308 grew strongly in content knowledge and this is consid-
ered as extremely characterizing. In the same experience, the
teacher didnOt increase his knowledge of content or pedagogy
but strengthened his technology skills. In experience 14 302
students only acquired technology skills but in a signibcantly
lower measure than their teacher. For the sake of clarity, the
P-relevance for the Teacher TPACK, gives the percentage value
of how the growth can be split among technology, content and
pegaogical knowledge. The same applies for Student TPACK.
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b V(TeacherTPACK) = {Tk, Pk, Ck}
b V(StudentTPACK) = {Tk, Ck}
b V(Site) = {At home, At school, External }

b V(Pedagogical organization ) = {Teamwork,
Individual work '}

b V(Benefits ) = {Content comprehension, Curiosity,
Critical thinking, Communication skills,
Collaboration skills, Media literacy, ICT literacy,
Initiative, Design capability, Leadership, Motivation }

¥ $ is the set of educational experiences surveyed

¥ #={#1 = C,#, = P,#3 = N}, since for this case study data for
all the relevance interpretations have been collected

¥ The relevance value domains referred by D are described above
as[1;101 " NN for #; and #3 and [1;10Q0 " IN for #,

5.4.2 Function implementations and examples

Also from the model debnition in Chapter 3, four types of abstract
functions come those can be implemented given the specibc level of
interaction that has to be allowed to the end user:

¥ & functions, that accounts only information about one item in
order to establish its relevance value considering one or more
interpretations of one or more facet-values and facets (providig
horizontal information).
These take the form of: & % F,V,#) ! R

¥ " functions, that are meant to retrieve vertical information about
relevance of facet-values.
These take the form of: " (v,F,#) ! R

¥ ' functions, that computes horizontal information using items
data and vertical information together.
These take the form of:' (%F,V,#")! R

¥ ( functions, duals of the ' ones, that computes vertical informa-
tion using aggregated itemsO data and horizontal information
together.
These take form of: ((v,F,#&)! R
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For all the abstract functions reported, the following holds: %or v
are respectively the item or the facet-value for which the relevance
value is being computed for, Fis a subset of the available facets,V
is a subset of the available facet-values,# is a subset of the available
relevance interpretations, & is a set of horizontal functions and " is a
set of vertical functions.

LetOs recall thatx(%, f, v, #) is the relevance value with interpreta-
tion # of the facet-value v of facet f in object %

Horizontal functions enable the system to answer user questions
as, for example:

¥ WhatOs the relevance of educational experéifdeaccount only for
the prevalence of collaborative work?
In this case, the researched value can be computed with aPRel
horizontal function as:

PRel(%, Organization, CollaborativeWork,# )

= X(%, Organization, CollaborativeWork,# )

¥ What are the most relevant experiences where teacher had a higher
growth in technology knowledge and students worked mainly at home?
It has to be computed

arg max{VLKUPIF(%{T eacherT PACK, Site}, {Tk, Athome }, {#,,#3})}
#$$

with the horizontal function:
" VLKUPIF(%{p1, p2}, {v1,VvZ}, {#2, #3})
_ Fxprvama) i x(ip2va,#)" )
&, '

otherwise

that selects a relevance value for the facet-value of an item when
another facet-value shows a relevance value over a debned)

Examples of information that vertical functions can enable to ex-
tract are:

¥ On average how much of the experience is teamwork
The following value has to be computed:

AverageP (teamwork, Organization, # )
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Teacher TPACK Student TPACK | Organiz. Benefits Overall
Average Sum PN | Average Sum PN | Average | Average % N> Total | Ranking
Cvalues values |Cvalues values |Cvalues |Nvalues average
EXP#14_302 (Sozzi)| 7,00 10,00 2,00 6,00 10,00 2,50 0,17 82,83 68
EXP#14_306 (Artale)| 2,33 320 4,00 3,50 3,00 417 0,33 56,10 107
EXP#14_314 (Bossi)| 2,50 4,20 2,50 5,60 5,00 720 0,60 85,60 53
EXP#14_315 (Cappelli)| 2,00 5,00 2,00 6,60 7,00 6,25 0,25 84,55 61
EXP#14_318 (Castellani)| 5,00 6,20 4,00 7,60 2,00 6,67 0,33 94,07 21
EXP#14_311 (Di Camillo)| 5,00 540 2,00 570 2,00 6,00 1,00 83,30 66
EXP#14_317 (Di Ronza)| 0,67 1,20 0,00 6,00 3,00 6,00 0,25 62,52 103
EXP#14_309 (Gavazzi)| 5,00 5,20 5,00 6,00 7,00 6,17 0,50 90,10 34
EXP#14_308 (Mascape)| 1,67 6,40 6,00 6,80 0,00 8,00 0,00 9527 18

Figure 5.2: Horizontal functions produce horizontal information. They pro-
cess instrumentOs data to obtain a relevance measure. In the snip-
pet above, several functions run: Average C valuesomputes the
average characterizing power of the various facet-values; Sum
PN combines the noteworthiness of an aspect with its percent-
age presenceAverage N valuesomputes the average noteworthi-
ness of the various facet-values;% N > averagds the percentage
of the experienceOs aspects that is rated as more noteworthy than
the average (in this case% N > average is a -function, which con-
cern of item relevancejotal is the weighted sum of the previous
measures; Rankingshows the positioning of the experience in a
list ordered by relevance from most relevant to least relevant.

that can be computed with the vertical function
! n
1
x(%, f,v, %)

*T:* '
f$F

AverageP (v,F,#) =

* Q@
$#$$

¥ At maximum how much the student content knowledge had grown
The researched value is

MaxN (Ck, StudentT PACK, # 3)
and the vertical function takes the form of

MaxN (v, f,#3) = maxx(%.,1, v, #%)

¥ How many experiences led to develop leadership skills among students
The researched value is

CountN (leadership, Benefits, # 3)
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where the vertical function is:

# #
# #
_ 7% %
CountN (v,F, %) =% {%" $[x(%,f,v,%)" )}
#sF #
Characterizing Prevalence Noteworthy
CAverage MaxC |[PAverage MaxP |NAverage MaxN
Delta Teacher Tk 2,97 8 47,30 100 4,58
Delta Student Tk| 3,86 8 45,82 100 5,56 10
Delta Teacher Ck 2,76 7 12,92 100 3,93
Delta Student Ck| 4,66 9 54,18 100 6,07
Delta Teacher Pk 3,63 10 39,78 100 4,57
Team work| 4,72 10 72,26 100 571 10
Individual work| 4,30 7 27,74 100 528 7

Figure 5.3: Vertical functions produce vertical information. They process
aggregated experience data to obtain a relevance measure for
facet-values. In the snippet above, several functions run: C, P
and N Averagecompute respectively the average of the charac-
terizing power, the prevalence and the noteworthiness of the
various facet-values; Max does the same computing the maxi-
mum value, this is an insight on what is the best value that can
be achieved in at least one experience. TheTPACK delta-sare
reordered in order to show how vertical functions can provide
immediately interesting results.

Example of information that a ' function can enable to extract is:
How many benebts the experience sigma are rated as the most noteworthy
for the entire dataset?

Given a function " 1(v,f,#3) that computes the highest noteworthi-

ness value of a given benebtv among the benebts facetf, the re-
searched value is:

BestCount (%, Benefits, V, #3)

that can be calculated as

%$ %

BestCount (%, F,V,#," 1)=& {v" V|X(%,f,v,#) = " 1(v,f,#3)}
B __ #
f$F

An example of information thata ( function can enable to extract is:
The average impact on motivation among experiences highly characterized by
a noteworthy teamwork
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Given the function &;(%/F,V, {#1,#3]}) that expresses with a 1 value if
the experience sigma is characterized by a noteworthy teamwork (or
a 0 otherwise), the researched value is

Avglmpact (motivation, Benefit, {#,,#3}, &1)

that can be computed as

_ 1 " % _ _ &
Avglmpact (v,F,# = —- & %FV,{#, #3} xX(%,f, v,

* @
#$$f SFr$







CONCLUSIONS AND FUTURE WORK

This thesis presents a model to handle relevance information, in or-
der to lay the foundations to build future Exploratory Systems. Such
a kind of systems aims to give to the user an experience of data explo-
ration, that means the user discovers and observes data from several
point of view and establishing a dialogue with the system.

Research began studying in deep the concept of relevance and how
the natural language speaker treats relevance interpretations when
communicating. In fact, it feels natural to switch among several cri-
teria, without explicitly addressing one, when rating the relevance of
an object with respect to a context.

Then two case studies have been faced, in order to both collect data
and deeply understand how the relevance could have been intended
for two different contexts and domains. What resulted was a set of
shared concepts between the Museum case study and the EDOC case
study, that led to debne the CPN triplet that holds relevance data.

While working on data structures, possible usage and combina-
tions of information have been surveyed as well, to understand how
could have been extracted meaningful knowledge from data. Several
kind of abstract functions have been debned and, for each one, a pos-
sible example implementation has been realized. The abstract func-
tions area reported in Table 6.1 and a brief description is following.

horizontal functions that compute results for items in the repos-
itory (a.k.a. horizontal information), accounting relevance of the
single item aspect such aspercentage of ebomy noteworthiness of
off-school work

vertical functions that are designed to provide results about
the relevance of the aspect in the specibc instance of the reposi-
tory (a.k.a. vertical information), considering itemOs aggregated
data and pltering

mixed functions that mix the two kind above, providing relevance
value for either single items or facet-values, with the support of
functions that punctually address horizontal or vertical infor-
mation
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In a simulated environment, (preliminary) test have been conducted
to highlight the differences between a fuzzy, nuanced data model and
a more classical and rigid one when dealing with knowledge extrac-
tion.

In this, the CPN Relevance Model has proven itself with the two
case studies as a reliable and scalable framework. The information
that can be extracted, compared with a one that only allows attributes
to belong or not to objects (in a boolean fashion), is greatly rebPned.
This has been conbrmed by beld experts that analyzed data provided
by the redesigned database. In context where a precise and multi-
perspective view of the context is essential in order to properly extract
knowledge and answer to non-trivial questions, the simple "x has the
attribute y" or "x doesnOt have the attribute y" is not enough and can
lead to heavy misunderstandings in data readings.

A brst example of this is shown in Figure 6.1, whose values are
reported in Table 6.2.

+"Il

>N

i
(1

&!"!

,-.1-0123-

%!

$M

#"Il

W 45-.23-6, m 7889-206:.-;-0/-

Figure 6.1: Comparison between measures on CPN data model and the
boolean one

There, the percentage of the benebt impact is measured for all the
experiences with the support of the CPN Model (in green) and the
simple boolean one (in blue). It pops up that the impact of almost all
Educational benebts greatly overestimated if compared with the Pner
and more realistic analysis that so far could have been done.

Moreover should be noted that in the example, the relevance has
not be considered for the experiences but for an aspect that classify
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type value form
) N &%FV, 75! R
Horizontal itemOs relevance MR
& (WFV.#8)! R
~ n ' I
Vertical facet-valueOs relevance (VLF’#); R
"Hv,FE$)! R
~ Y (OAE \/ |
Mixed- ' itemOs relevance (®FV.#") R

"HFEV,ET $)! R

(*(v,F.#&! R

Mixed- ( facet-valueOs relevance o 7
(F(vF#ES) ! R

Table 6.1: Relevance function types

items in the dataset. In other words, relevance is not only a measure
that can be computed for items, but also for the itemsO attributes in a
vision that covers the entire dataset.

Clearly, also item relevance can be computed. Figure 6.2 reports the
"winning" instrument of an hypothetical competition based on the
measures implemented in the Museum case study. Metaphorically,
each relevance function is a "judge" and its vote has a weight among
all the ones of the "jury". Their relevance is then computed with a
functions.

1

weighted sum of several horizontal and mixed-
The model proves then its RBexibility and its capability to enable

a more interesting data exploration for systems with a high degree

of semantically ambiguous classibcation. Everything pushes towards

a rebnement for the support thatOs given to answering userOs ex-

ploratory sessions.

6.1 doubts about this work

This work can raise legitimate doubts, such as: whatOs the cost of data
gathering? Or are the relevance values arbitrary? Does it pay to im-
plement the relevance model? Is the simulated environment too com-
plex to obtain meaningful results? And whatOs the relation between
the kind of analysis this relevance model requires and the classical
analysis for data hypercubes? Answers are following.

The cost of data gathering is high, especially if done to readapt
a repository to handle relevance information rather than start fresh.
It has to be clear that also a partial implementation of the model
can have a huge impact on the Pnal result. In fact, some can be the
cases where collecting data for characterization and noteworthiness
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Figure 6.2: Most relevant instruments in a simulation for testing purposes

is considered too expensive in terms of time or resources, and just
two of three values of the CPN triplet are used (i.e. C and P or P and
N). During the development of this thesis, the idea that P-relevance
values can be considered the easiest to retrieve arisen, since theyOre
the closest concept to a boolean "there is/there is not" way of treating
object attributes among the concepts introduced here. Particular care
should be paid on choosing the right value range for the relevance
values. In fact, in case of an overestimated value range, data gathering
costs can increase easily, given the too many options available that
make establishing the relevance value more complicated.

Relevance values can be considered arbitrary, but even an arbitrary
values in a huanced scale is more meaningful than a sharp yes/no.

Does it pay to implement the relevance model? Yes, because it ap-
pears, also to beld experts, that there is a reading of data that allows
to better understand the various phenomena.

Is the simulated environment too complex to obtain meaningful
results? It is a complex environment indeed, and for sure itOs not
intended for the casual user, but all the research has been done to
lay down the foundations for the future development of exploratory
portals.

Between the CPN model and the classical data hypercube model
there is a sort of resemblance, in the sense that for both models data
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is seen from multiple point of view. The main difference is that in the
CPN model, the facet-values set is not ordered while in hypercubes,
dimensions are ordered sets. So there is no meaning in positioning
an object according to coordinates established from the facet-values,
since facet-values can be casually reordered making the hypercube
inconsistent. A more pertinent resemblance can be found comparing
a classical hypercube with the CPN triplet, since relevance data, for
its nature, is numeric and constitute an ordered set.

6.2 future work

The test here conducted took place in a simulated environment, id
estfunctions have been manually built, with a lot of effort, to extract
information from data in the most meaningful way. ItOs desirable that
such a job would be extremely simplibed, in order to let users create
their own relevance measures to address their specibc needs.

Seems pretty clear that the CPN Relevance Model has to be im-
plemented by a smart system, that hide the complexity of mixing
facet-values, facet, items and all the mathematical artifacts used in
the case studies so far, behind an intuitive and adaptable interface.
The most suitable environment that could both provide user friendly
data exploration, with a rich communicative capability, and a strong
mathematical framework appears to be a web portal.

In a more long-term vision, work should focus on the communica-
tive aspect of the portal, since it should convey all the information to
the user together with providing clear and accessible tools that foster
the user dialogue.

The userOs vision of the repository is in a constant evolution, as it
would happen if he was interacting with another human who has a
larger knowledge available.

All this would be also supported by a notion of relevance embed-
ded in the system, Rexible enough to provide the most punctual data
when needed, that can be provided implementing the CPN Relevance
Model.
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benefit cpn boolean model gap

Content comprehension 23,87 8496 -61,09
Curiosity 0,53 265 -2,12

Critical thinking 0,75 265 -1,90
Communication skills 1391 5133 -37,42
Collaboration skills 1297 5133 -38,35
Media literacy 8,72 3097 -22,26
ICT literacy 15,00 7168 -56,68

Initiative 0,88 088 000

Design capability 1,73 1062 -8,89
Leadership 1,19 7,96 -6,77

Motivation 20,44 8053 -60,09

Table 6.2: Difference between information extracted with CPN Relevance
Model and a "boolean" model
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CHECKLIST TO IMPLEMENT CPN RELEVANCE
MODEL

a.l introduction

In this chapter, | provide a checklist that should be considered while
building from scratch (or, in case a repository already exists, migrat-
ing to) a CPN-enhanced repository. Each suggestion comes from beld
experience gained during this research, experience that can be source
of useful insights to better tackle the Orepository upgrade processO.

The running example, for the sake of clarity, will be a culinary
database (instead of the more sophisticated case-studies dealt with in
the thesis).

a.2 the goal

Implementing the CPN Relevance Model, brings the repository sys-
tem to a level with a higher degree of OexplorabilityO, useful if the
system user is a human being and not another machine. The CPN is
designed keeping in mind the human communicative process, with
its strength and 3aws, and leverages intuition and doubts typical of a
human mind. This should be clear before even considering the adop-
tion of CPN Relevance Model.

a.3 having the right domain

Implementing the relevance model is not feasible for all kind of infor-
mation. What is primarily needed is data that, when retrieved with

a user request (or query), can have a different degree of relevance
with respect to the intended request. A query for recipes with parsley
brings a lot of results back, and for every recipe it can be said without
hesitation that the ingredient can bt in various degrees: well, perfectly
or itOs just marginal. On the contrary, asking to a basic address book
to list all the contacts named "Anna" leaves almost no space to misun-
derstanding, and that is a symptom of an inappropriate context for
relevance information.
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If there are domain concepts that can belong to many categories
with several degree of membership, they represent a potential can-
didate to be CPN-enhanced. Domain knowledge of these concepts
should be reconsidered, trying to answer to the following questions
for each candidate concept.

¥ Can this information be used to describe a more complex object,
and can be established how much this information characterize
the object itOs referring (whatOs its weight)? Taking for exam-
ple the recipe of a OCinnamon and apple crumble pieO, the fact
the ingredient Apple appears in the name of the recipe gives
it a high degree of characterization with respect to the recipe.
Instead for a OFruit saladO the Apple is not a strictly character-
izing aspect.

¥ Can this information indicate the percentage presence of an ob-
ject with respect to a context? Quantities for ingredients are a
crucial information for the success or failure of a dish. Taking
the OBasil Pesto sauceO, it can be said that basil is a prevalent in-
gredient in the mixture, in the order of 60% of the total prepara-
tion. This information involves an aspect of data that shouldnOt
be confused with the previous question: a cake can be mainly
made of chocolate and pears, and just1 or 2 grams or vanilla,
but when addressed it would be as a "Vanilla chocolate and pear
cake". See that the percentage of vanilla is relatively low with
the respect to the total, but its characterizing power is not.

¥ Can the object this information is about be rated? In case objects
can have different or various degrees of bnesse, it appears that
the quality of an object can inBuence quality of the object the
former is part of. For a OFilet mignonO, the quality of the meat
cut can be noteworthy within a range of meaning nuances. Meat
from the best animals, also treated with the most accurate tech-
niques, will have a high noteworthiness degree, less valuable
meat will be less noteworthy.

If no domain concept can be used to answer positively to the ques-
tions above, the CPN Relevance model cannot be applied.

Instead, in case the answer to the three questions above is at least
once positive, the CPN can theoretically be applied. The process of
how the relevance information is gathered can be later tackled and
designed. For sure, the designer trying to answer these questions,
reconsiders the current database schema from a different perspective.
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The three questions above involve orthogonal dimensions that only
apparently are mutual dependent. It can be argued that a prevalent
ingredient for a recipe can be also a strongly characterizing aspect,
but itOs not for sure as the "Cinnamon Apple crumble pie" shows
(Cinnamon dosage is in the order of grams, with respect to the total
pie weight in the order of hundreds of grams or even kilos). It can be
argued that the quality of a meat cut, or a bnesse of a sauce, or the
freshness of a vegetable can strongly inBuence a dish, but for sure do
not inBuence what the recipe is characterized or mostly composed by.
The fact that an abstract recipe canOt have an evaluation of an actual
ingredient is a pertinent observation, but as premise has been estab-
lished that the example repository is a log of instances of recipes, not
a cooking book. There is no way and/or no meaning to normalize the
database separating recipes and dishes since each dish is a OunicumO.

a.4 relevance representation and value ranges

Relevance information, in order to be processed by a computer, has to
be represented numerically. An object can be labeled as OHighly rele-
vantO or OLowly relevantO but in order for the model to be effective,
these label should be mapped one-to-one to a partially ordered set,
for example the set of Natural Numbers. The C-relevance or the N-
relevance can hence freely assume values as OExceptional® or OPoorO
or OVery lowO or OAverageO, with the only remarks that two labeled
objects must result to be comparable and must be possible to establish
which one is the mostly relevant or if theyOre equally relevant. For ex-
ample, in a practical case can be debned that three labels are available,
OGoodO, OAverageO, OPoorO and that the correspondent numerical val-
ues are3, 2, 1. The relevance value is then freely attributable, with the
exception of the Prevalence Relevance. That has to satisfy a constraint:
the sum of all P-relevance for a facet has to represent the entirety of
the object which the facet is referring to. The suggestion in this case
is to chose an appropriate and handy range for C and N relevance
values, such as1to 10, 1 to 5 or 0.1 to 1, and a percentage value
for the P relevance value, stored in the system as the only percent-
age component or a bxed point value (24Must be clear that a large
range increases the expressive power of the relevance information, at
a higher cost for the data gathering process. This is suitable only for
contexts that allow a wide range relevance nuances. On the contrary,
having a coarse grained relevance information is handier, but may
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cause a too rough evaluation of relevance when data is collected. In
fact, the extreme case is a range of only two possible values, which
would make the relevance model working in a Boolean fashion with
the risk of oversimplifying reality.

a.5 homogeneous facets

When upgrading from a standard repository to a CPN-enhanced repos-
itory, facet-values grouping could need to be reconsidered. Can hap-
pen that a facet mixes values concerning different subjects to keep
classibcation simpler to handle. This can potentially break the P-relevance
constraint, letting the sum of the parts overcome the unity measure.
For example, in case of OFilled DumplingsO, an ingredient can result
be part of both the Plling and the wrapping. If there is only a sin-
gle facet OlngredientsO, when computing the sum of the ingredients
for the wrapping can result a value over 100%. This indicates that
the subject some facet-values are referring to is different inside the
facet itself. To avoid this inconsistency the CPN-ized facet-values has
to be grouped homogeneously. That means a facet should always re-
fer to a single subject. To recall the example, for the case of Oblled
dumplingsO, the most correct way to work should be having a facet
for the Plling and a facet for the wrapping, not a common one.

Checking this property is crucial to maintain the correct CPN mod-
eled semantic.

a.6 keepingrelevance information and contextual data
close

Once found some domain concepts that can be well suited for treating
relevance information, the issue of storing relevance data arises. My
suggestions are following.

In a ER schema, the CPN-ized attributes should be represented
by a weak entity composed by a beld for the label (interpretation)
and an integer or a 3oating point value as relevance value. They also
should have external keys to the object to which relevance values are
referring.

In an Object-Oriented schema, dictionaries or maps can be used to
link CPN data to actual value, or classes can replace plain attributes
declarations as members the CPN values.
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a.7 another feasible cpn -enhanced context

A scientibc literature repository can represent a nice mind exercise to
self-assess the level of understanding of the CPN Relevance Model,
and can be used to warm up the database designer to make prac-
tice elaborating on the concepts at the base of this thesis. During
this research, the mentioned repository (described below), has been
marginally considered when analyzing relevance information and its
structure and it didnOt result in a detailed use case, even if it fulblls
all the requirements for the CPN Relevance Model.

Let us consider a literature repository, with scientibc papers col-
lected and classibed. Each paper is composed by a several sections,
each one can be resourceful and/or extremely well-written, or could
be just very long bunches of text with low meaning. Each article is
usually about a topic, but can cover more than one subject, and can
face deeply one with respect to another. Each work can be object of
great innovation or just a report of the current state of the art for peld
(a survey).

The chances the targeted reader of this work already know about
scientibc literature are pretty high, so let assume the context is al-
ready clear enough with the brief description above.

| found stimulating trying to consider how to apply a CPN Rele-
vance model to the above context and how that would make literature
browsing more accurate and accessible.






EDOC@QWORK REPOSITORY

In this chapter is described the actual running implementation of the
EDOC@Work repository.

b.l1 differences

The actual implementation of the EDOC@Work repository does not
take into account relevance information at all. Nor provides highly
detailed measures as the ones enabled by the model, shown in the
case study in Chapter 5.

Since CPN Relevance Model is a generalization of a data model
that doesnOt implement relevance, itOs allowed to compare the two
data models (the one in the case study and the running instance) in
order to highlight differences and improvements.

In the comparison in Table B.1, the aspects of the running reposi-
tory are limited to the ones concerning this thesis.
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entity case study actual edoc
Teacher TI_DACK, Stu_der_n TPACK, TPACK, Pedagogical
F Pedagogical organization, Site, A
Benebts organization, Benebpts
¥ V(Teacher TPACK) = Tk,
Pk, Ck
¥ V(Student TPACK) = Tk, ¥ V(TPACK) = Tk, Pk, Ck
Pk ¥ V(Pedagogical org.) =
¥ V(Pedagogical org.) = Teamwork, Individual
Teamwork, Individual work, At home, At school,
work External
¥ V(Site) = At home, At V(Benebpts) = Content
\ school, External comprehension, Curiosity,
¥ V(Benebts) = Content Critical th_lnkl_ng, .
comprehension, Curiosity, Communication skills,
Critical thinking, Collaboration skills,
Communication skills, Media literacy, ICT
Collaboration skills literacy, Initiative, Design
Media literacy ICT' capability, Leadership and
literacy, Initiative, Design Motivation
capability, Leadership and
Motivation
$ The collection of educational experiences
# C-relevance, N-relevance,
P-relevance P-relevance
# V"
D %D(v,r) =[110] r=C,N v" V,D(v, P-relevance) = {1;0}
V, ’ '
&p(v,n=[L100 r=P

repository

Table B.1: Data structure implementation in case study and in running



EDOC DATA

This chapter reports data collected in the EDOC@Work case study.
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MUSEUM DATA

This chapter reports data collected in the Museum of Musical Instru-
ment case study.
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Figure D.4



90

Bibliography

447, Clavicembalo|
448, Clavicembalo|
449, Clavicembalo
430, Clavicembalo|
431, Clavicembalo|
452. Clavicembalo in miniatura)

453, Clavicembalo

454, Clavicembalo convertito in piancforie

455, Clavicembalo

456. Clavicembalo

457. Clavicembalo

458. Virginale poligonale
459, Virginale poligonale
460. Virginale doppio

461. Virginale rettangolare
462. Virginale ottavino
463. Virginale ottavino
464. Virginale pentagonale
465. Virginale rettangolare
466. Virginale in miniatura
467. Virginale pentagonzle
468. Virginale rertangolare
469, Spinetta traversa,

470. Spinetta ottavina

471. Spineta traversa,
472. Spinena. traversa

473. Spinetta traversa,

474. Spinea traversa,

475. Spinena traversa,
476. Clavicordo libero

477. Clavicordo libero
478. Pianoforte a tavolo)
479, Pianoforte a tavolo)
480. Pianoforte a tavolo|
481, Pianoforte o tavolo ortavi no
482. Pianoforte a tavolo)
483. Pianoforte a tavole|
484. Pianoforte a tavolo)
485. Pianoforte a tavolo)

486, Pianoforte (1 tavolo’

Figure D.5: Museum repository data ( 5/ 6)

Conservation state

Artistic merits

Place

Napoli
Venezia
Scuola veneta
Italia centro-meridionale
Bologna
Venezia
Ttalia
Piemonte
Milano
Parigi
Londra
Lombardia
Milano
Anversa
Scuola veneta
Seuola veneta
Seuola veneta
Italia centrale (Toscana?)
Aquileia
Bologna ('7)
Ttalia
Bergamo
Ttalia
Venezia
Ttalia
Ttalia
Milano
Ttalia
Scuola tedesca
Stoccolma
Londra
Scuola tedesca
Seuola tedesca
Londra
Milano
Londra
Lendra
Ginevra
Torino

‘Varese

Time

prima meta del XV1 secolo
fine del XVI secolo
meta XVII secolo
1690
1700
prima metd del XVIII secolo
fine XVII inizio XVIII secolo
1750 ca.
1758
metd del XVIIT secolo
1895
prima met4 del XV1 secolo
‘meta del XVT secolo
1600 ca.
prima meta del XV1I secolo
metd
1649 (i)
seconda meta del XVII secolo
1659
seconda meta del XVII secolo
inizio del XVIII secolo
1836
seconda meta del XVII secolo
1692
inizio del XVIII secolo
XVIII (7) secolo
1735
XVIII (7) secolo
ultimo decennio del XVII secolo
1792
1894
seconda meta del XVIII secolo
seconda meta del XVIII secolo
1778
1778
1780 ca.
1782
1788 (17897)
1797

ca. 1800



487. Pianoforte a tavolo)
488. Pianino in forma di mabile per toelettal
439, Pianoforte o tavolo

490. Pianoforte a tavolo)

491. Pianoforte a tavolo)

492. Pianoforte a codal

493. Piznoforte a coda

494. Pianoforte verticale a forma di giraffa
495. Pianoforte a tavolo informa d'ala
496. Pianoforte u tavolo

497. Pianoforte a coda

498. Pianoforte a tavolo)

499, Pianoforte verticale,

500. Pianoforte a tavolo|

501. Pianoforte a tavalo,

502. Pianoforte a tavolo esagonale

503. Pianoforte a tavole|

504. Pianoforte a codal

503. Pianoforte verticale

506. Piznoforte a codal

507. Pianoforte verticale

508. Piznoforte a codal

509. Piznoforte a coda

510. Pianoforte verticale

511. Pianoforte verticale

512. Pianoforte verticale informa di armadio
513. Pianoforte verticale

514. Pianoforte verticale

515. Piznoforte a coda

516. Pianoforte a codal

518. Tastiera da digitazione

519. Organo

520. Organo processionale

521. Organo positivo

522. Organo positivo

Figure D.6: Museum repository data ( 6/ 6)

state

Artistic merits

Place

Milano
Vienna
Milano ()
Milano
Londra
Vienna
Vienna
Scuola viennese
Vienna
Londra
Vlenna
Londra
Vienna
Milano
Parigi
Parigi — Londra
Bologna
Vienna
Parigi
Parigi
Parigi
Milano
Parigi
Londra
Francia
Ttalia
Milano
Milano
Berlino

‘Vienna

Emilia

Napoli

Tescana

Bibliography

Time

1804
primo quarto del XIX secolo
inizio del XIX secolo
inizio del XIX secolo
ca. 1805
1810 ca.
ca. 1815
1815-1820
ca. 1818
secondo decennio del XIX secolo
1820
1820-1821
1829
ca. 1830
1835-1840
1840 ca.

1850 ca.

1840 ca.

1843
ca. 1845
ca. 1850
meta del XIX secolo
1858
1860 ca.

1860 ca.

XIX (7) secolo
seconda metd del XIX secolo
ultimo quarto del XIX secolo
1913 ca.
inizio del XX secolo
XX secolo

prima meta del XVIII secolo

1839

XVIII secolo
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