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The Probabillistic Resource Space Model
[1 Theory and Experiment
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Abstract—The development of World Wide Web requires asemantic data model to effectively manage the contera
its heterogeneous resources. This challenges traditionalata models, which are mainly for managing structured
resources or relatively simple data objects. Classifition is one of the most basic methods to organize andamage
resources in the real world. The Resource Space ModBISM is a semantic data model for managing the contents
various resources by normalizing the classification semansc However, uncertainty in our daily life makes it dfficult to
correctly classify and use resources. Previous probdistic data models are mainly on the existence of reses or the
values of resources’ attributes. This paper firstly intioduces the basic concepts of RSM by comparing with thmelational
data model, and then proposes the Probabilistic ResowcSpace Model P-RSM to manage uncertainty in classificatio
semantics. The uncertain classification semantics offtérent granularities is proposed to specify and manage resrces.
Relevant normal forms, operations and integrity constraits are also proposed for dealing with uncertain classfication
semantics. Experiments show the effectiveness of theoposed P-RSM.

Index Term—Data Model, Classification, Web resource managemeaihability.

is not completely equivalent so that some useful infdomat
may be lost during the transformation [18].
M ore and more applications require the ability to processUncertain classification [24] and uncertain relational
uncertain information [11]. To obtain this ability, onayis databases have been studied [6] [21] [22]. Previous
to incorporate probabilistic techniques into informatioProbabilistic relational data models are mainly on the
retrieval approaches [3], the other way is to creatdata €Xistence of a certain entity or the attribute valdes certain
model that can specify and manage uncertain information. €ntity. Little work has been done on establishing datdeh
Traditional data models like classical relational mariet based on uncertain classification.
only specify and manage deterministic information. Resear On the other hand, the development of the Web requires a
work has been done on managing uncertain information Bgwerful semantic data model to effectively manage the
extending traditional data models like relational modelg]1, contents of its heterogeneous resources. This challenges
and XML (eXtensible Markup Language) [5]. traditional data models, which are mainly for managing
Research on modeling relational data falls into tw&ructured or relatively simple data objects.
categories depending on whether the model satisfies e fir Classification is the most basic way to effectivetyrieve
normal form (INF) of the classical relational modelnot. and efficiently organize information. The Resource Space
Models satisfying 1NF usually assume that the existenaa ofModel (RSM) is proposed to manage resources based on the
object is uncertain and associate probabilities with alevh hormalization of the classification [26, 27]. A resaispace
tuple to indicate this type of uncertainty [7, 12]. Modelsigsi iS @ multi-dimensional classification semantic spagach
non-1NF usually assume that the existence of an objecdii@ension of a resource space specifies a type of ctakifi
certain, but the attribute values of an object are tmicef4, Method. The normal forms and operations based on
13]. They associate probabilities with attributes ofuple. orthogonal classification semantics are also proposed t
Above two types of probabilistic relational models hav@anage deterministic classification semantics. To kesitab
limitations. It is difficult for the probabilistic tational models Powerful semantic data model for the Web, integration and
satisfying 1NF to represent the probabilities of httieé values mappings between RSM, OWL (Web Ontology Language,
of an object. It could lead to information loss owww.w3.org/TR/owl-features/), and database have been
combinatorial explosion of tuples to specify attribute valigudied [28].
probabilities using tuple probabilities. The non-1NF Inaccurate information usually leads to uncertain resource
probabilistic relational models are often accompanigd klassification. How to represent and manage uncertain
complicated algebras and querying mechanisms. ProbView¢lgssification semantics challenges the original RSMis T
an attempt to overcome the two types of limitations [116]. Paper proposes a probabilistic Resource Space Model to
firstly transforms non-1NF data to its correspondingotemed effectively and efficiently organize and manage uncertain
INF patterns, and then all manipulating and queryigssification semantics by extending the original RSM.
operations are applied to these corresponding 1INF Bata. Relevant works also concern querying from the view of
its limitation is that the transformation from non-1MFINF Pprobability and query evaluation on probabilistic dasebfD,

I. INTRODUCTION
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10, 19]. A system for managing data, accuracy and lineagédhemistry.g;.c;" can be distinguished fronchemistry.g,.c,’.

an integral manner is introduced [25]. Much work has be®fe have indicated the equivalence of the ‘flat’ resogp=re
done to manage probabilistic data in XML [2, 14, 15, 18]. &nd the hierarchical resource space by projecting each leaf
framework is proposed to acquire, maintain and query XMiode of the hierarchy tree onto the axis where tberesides
documents with incomplete information, in which order i[26, 27]. So here only discusses the flat resource space.
documents and DTDs is ignored [2]. A probabilistic XML RSM mainly includes operations on resource spaces and
approach is proposed to resolve conflicts during dateeir completeness, normal forms for ensuring theectmess
integration, where the order in documents and DTDs playsa storing and retrieving resources, relations betwten
important role [17]. A complexity analysis for managingperations and the normal forms, algebra and calculus,
probabilistic XML data is discussed [20]. Modellingexpressiveness of query language, search complexity, storage
uncertainty of ontology has attracted research intg28t mechanism, and the P2P mechanisms of RSM [26] [27].

Il. THE RESOURCESPACEMODEL RSM B. Resource Space Model and Relational Database Model

A. Basic Concepts The following example shows the characteristics of the
' ) ) ) RSM. Multi-layer tables provide integrated informatioh

A resource space is ardimensional space, denotedR&X,, multiple abstraction levels. The higher layers providere

Xz, ..., Xp) or just by name&RSin simple. Every point in the gpstract information. The lower layers constitute e f

space uniquely determines a set of related resources.isAxigiassification of the higher layer. Fig. 2 is such atisayer

defined by a set of coordinates denotecas {Ci1, Ci2, ..., table on university human resources, which naturally

Cim}. A point p(Cyjp, Copor ..., Cj) is determined by the constitutes a classification hierarchy [27].
coordinate values at all axes. A point can uniquely determine

a resource set, where each element is called a resentiy. School of Sciencg School of Engineerind _ School of
Point and resource entry are two basic operation unRSM. ® Business
c C
Apartment % 8 g Sg %Ag ng g’ g
t E|2|5|E8L|zelsL| 5| 8
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Fig. 1. A 3-dimentional Resource Sp&pec-Apart-Gen. E =
Fig. 1 is an example of a 3-dimentional resource space % £
Soec-Apart-Gen(Specialization, Apartment, Gender) that 2 §
specifies student information in a college. Three axes ar
Soecialization = {math, chemistry, physics}, Apartment = {1#, - £
2#, 3#} andGender = {male, female}. Each point denotes a % =
class of students. For example, the poméat, 1#, male) 8 °
represents all the male students belonging to the departine = © 5
math and living in apartment 1 in this college. And each | €
resource entry in this point corresponds to a student of the @ % L
college. g3
Each coordinate directly residing at an axis is cathesl § °
top-level coordinate. For each top-level coordinate, the 5 5
resource partition hierarchy can be defined top-down. Take
Fig. 1 for example, the coordinatehemistry on axis Fig. 2. Multi-layer table of university human resces.
Soecialization is partitioned intog;, g, and gz in terms of
grade, and then they can be further divided accordingass. Since the first normal form of the relational datadelo

Note that in this hierarchy tree, the label of each nigsderequires flat table and atomic values, it is inapprogria use
determined by the full path from the root. Thus, the feafe relational tables to represent such a multi-layer etabl
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However, it can be naturally converted to the 3-dimenkiona The following are two strategies on how to specify the
resource space shown in Fig. 3. The more layers lieltas, probabilistic distribution of a given resourcéelonging to a

the more advantages of the RSM exhibit.

resource spadeS

Human (1) For any resource, specify its membership probability
A distribution on every point dRS

Professor (2) For each axisX of RS specify the membership
Associat , probability distribution of any resource on every
ssoclate Academid .

Professor Staff coordinate ok.

Assistant
Professor

University Human The second strategy is more feasible and more efficie

Resources because of the following reasons:
Graduated . .
>Smdem (1) The number of points in resource sp&Xy, X, ... , Xy)
gp:;;;‘ted is Ky|x|Xa[%...x[X;| and the number of coordinates is
[Xe|+Po)+...+Xy|, where X] is the number of coordinates
P School on X. The large number of points makes it difficult to
Science Engineerin Business . . T
specify and manage the membership probability of every
Female resource to every point.
Chemical Computer Mechanical (2) Each axis in a resource space represents a resource
Gender Engineering Science & Engineering » - .
Engineering classification method. For each pop(Ci;, Cp, ..., Cn),
C; is from axis X (Isjsn), and R(p)=

The essential differences between RSM and the nedtio
data model are as follows:

1)

R(Ci1)nR(Ci)n...nR(Ci). Each point is a combination
of all axes ofRS and involves all classification methods
used in the resource space. Thus, specifying the
membership probability distribution of a resource
belonging to every point requires multiple classifioati

"methods simultaneously. It is more feasible for useds a
automatic classification algorithms to specify the

Fig. 3. A resource space for specifying univerhilynan resources.

RSM can manage structured or semi-structured resources
while the traditional relational data model only manages
the atomic values.

_ _ . membership probability distribution of a resource
(2) Thg data mod_el of RSM is a u_mform coordmate system, belonging to coordinates axis by axis.
while the relational data model is a flat relatioradlé.
(3) The normalization basis of the RSM is an independdpefinition 1. The resource spad@S(X;, Xz, ... , Xy) is a

(4)

and orthogonal coordinate system, while therobabilistic resource space if for any resource and any axis
normalization basis of the relational data modelhis tX; of RS there exists a membership probability functign
function ~ dependence relationship. ~Above threg_ [0, 1], such thatfi(C;) represents the membership
differences determine that the RSM concerns the contpngbability of resource belonging to clasR(C;) for any top-
of resources and supports content-based operation, buti¢hel coordinateC; atX;; for any coordinat€’ and its parent
relational model concerns the attribute values oftiesti coordinateC on axisX;, Bi(C) represents the membership
being managed and supports attribute-based operation probability of r belonging toC’ under the condition that
The RSM enables a uniform and universal resource Viggsource belonging to coordinaté.

when operating resources, while the relational model
essentially supports views of tables. This feature esabl
the RSM to uniformly share and manage Web resources

resource r
The difference between the existing techniques like ttee d¢ B by b by [0, 1]
cube and the RSM has been discussed in chapter 1 of [27] T Ba(br)02
the following, we will develop the RSM into a probadiil Aealier 03
RSM. Bons tay, s, azt—[0, 1]
L Fenla))=0.2
I1l. THE PROBABILISTIC RESOURCESPACEMODEL P-RSM i By
A. Probabilistic Resource Space Bect fen, e ea} [0, 1]
e e . A L Bcla))=0.1
The probabilistic event in the Probabilistic ResouBpace ;;,_E.f:?i_m
Model P-RSM is that a resource belongs to a certaisscl Frclay=04

Prob(r0T) denotes the membership probability of resource ¢

belongmg to clasd. T _represents_ a class Of_ resources_ OfI'—;lag. 4. An example of probabilistic resource spgg(b:)=0.2 means that the
resource space, an axis, a coordinate, a point, or ameiof opapiity of resource belonging to coordinate is 0.2 at axis.

combination by set operations.
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According to above definition, any resourae in a for example, the probability of resourcdelonging to axi#\
probabilistic resource spacBS(Xi, X ... , X)) has n isProb(rOR(A)) O [max{B.a(a1), B-a(a2), B-a(@s)}, mn{1, 5.
membership  probabilistic  functions, each of whic(a,) +8.a(a)+B-a(83)}]=[0.3, 0.6]. The probability of
corresponds to an axis BS Take the probabilistic resourceresource belonging to poinp(ay, by) is Prob(rOR(p(az, b))
spaceRSA, B, C) in Fig. 4 for example, resourcehas the [ [max{0, B.a(a) +B-s(02)-1}, Mn{ B-a(@), Ba(02)}] = [0,
following three membership probabilistic functiong;.a: 0.3].

A-]0, 1]; B B-[0, 1]; andB.c: C-[0, 1]. Resourcer . . . . L
belo[ngs ]toﬁrreBsourcL spz]aBS(Xl,'BrXZ, ,[Xn) i]f and only if In Fig. 5, the axisArea is used to classify scientific

there exists at least one axs such that the membershipp_ublications accor_ding to their areas. In the clasgifio
probabilistic function of onX; has been explicitly specified. nierarchy of coordinat€S (Computer Science) on axisea,

From the definition of the probabilistic resource spage DB (DataBase) is a subclass 65 and RDB (Relational
can specify the membership probability of a resour@dtaBase) is a subclass @fB. For resourcer and its
belonging to each coordinate. Axis and point are the otveer Membership probability functiof, 5(RDB) represents the
resource sets in a resource space, both of which tafsis conditional probability ofr belonging to RDB given r
series of set operations on coordinates. Thus, theberstrip Pelonging to DB has occurred, ..
probability of a resource belonging to an axis or to atgsia A(RDB)=Prob(rUR(RDB)|rUR(DB)). ~ Similarly, 5(DB)=
complex probabilistic events. Without knowledge abofrob(rlR(DB)[FIR(CS)). SinceDB is a subclass ofS the
relationships between coordinates, it is very diffictdt probability of r belonging to DB is Prob(rIR(DB)) =
calculate the membership probability of a resourcengghg Prob(rCJR(DB)LrOR(CYS)) = Prob(rR(CYS) X
to an axis or a point from the membership probabdityhe Prob(rOR(DB)[rOR(CS) = B(CS x B(DB). In fact, the
resource belonging to each coordinate. In the P-RSMysee probability of r belonging to a sub-coordinate is the
an real number interval to specify the possible membhershultiplication of all the conditional probabilities calg the
probability of a resource belonging to an axis or a p&irdm path from the top-level coordinate to this sub-coordinate. So
the membership probability on each coordinate, tlige probability ofr belonging toRDB is B(CS) x B(DB) x
membership probability on each axis/point in a probsthl B(RDB).
resource space can be evaluated as follows:

(1) For axis X={Cy, Cp, ooy Cimh since ) ‘
R(X)=R(C1)OR(C)0...0R(Cy»), the probability ofr ProblreRCHACS)
belonging toX; falls into the interval iex{ £i(Cu), ..., ~_ah cs Piysics | tren
Bi(Cim)}, min{l, Bi(Co)+ Gi(C)+.. . +Bi(C)].

(2) For point p(Crji, Cojp, ..., Cnjn), the probability of Al 0OS DB Prob(reR(DB)reR(CS)=p(DB)
resourcer belonging top is equal to the probability of
resource simultaneously belonging ©, 3, C;, ..., and OODB  RDB  Prob(reR(RDB)reR(DB)-P,(RDB)
Chjn, that is,Prob(r0R(p)) = Prob(rO(R(Cyj1) n R(Cy )
n ... n R(Cyj))) holds. For evenA and events, the Prob(reR(RDB)y~p{ CS)<B(DB)<p(RDB)
event thatA andB occur simultaneously satisfiesax{0, Fig. 5. Conditional probabilities in coordinate faiechy.

Prob(A)+Prob(B) -1} <Prob(A 0O B)<min{Prob(A),

Prob(B)}. Thus, the membership probability of resource

belonging top falls into the interval fiax{0, ... max{O, B. Normal Forms of the Probabilistic Resource Space Model

max{0, Prob(rlR(Cyj1)) + Prob(riR(Czp)) — 1} + The dependence between categories often makes it difficult

Prob(riR(Csja)) — 1} ... + Prob(rOR(Cyjn)) = 1L correctly classify resources, and it also affecespecision of

min{ Prob(rR(Cy 1)), ..., Prob(rR(Cy jn))}- evaluation on the membership probabilities of resources
(3) For any coordinat€’ and its parent coordinate on axis pelonging to points or axes. Normalization of probatbilis

X, Bi(C) is defined as the membership probabilityrof resource spaces can help eliminate this dependence.

belonging to C' under the condition that resourae i
belonging to coordinat€, i.e., 4(C) = Prob(rOR(C) | 1) The First Normal Form and the Second Normal Form
rOR(C)). Since C' is a child of coordinate C, The first normal form of RSM is used to eliminate the
Prob(rCR(C)) = Prob(rOR(C)) O rOR(C)) holds. Since rédundancy caused by name duplication between coordinates.
Prob(rOR(C") CrOR(C)) = Prob(r0R(C)) x Prob(rOR(C)) It also applies to the P-RSM. The second normal foifRSM
| FOR(C)), we haveProb(rOR(C)) = £i(C) x Bi(C). So is to eliminate the redundancy caused by coordinate
’ - (il fl .

the probability of belonging taR(C) is B(C) x Z(C).  dependency.

The membership probabilities of resourcéelonging to zezfimg;\(l)g fés’z prrcoéaasbn;sctéc _:cefsooru;%e Sr%ii‘ﬁ(rxl' >(§2'a.n“ ’ ;;;‘2)

axes or to points specified above are trivial and noigtriv' u P ! y a@n y

membership probabilities will be proposed after th(‘eoordi!ﬂa_tesc and C' on X (I<isn), Prob(rlR(C) O
introduction of the normal forms of the P-RSM. Take. g FPR(C))=0 holds.
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According to above definition, any second normal form In the P-RSM, any given 3NF resource spase<s, Xz, ... ,
resource space is also a first normal form resouragespar X,) satisfies the following theorems.
coordinatesC and C', if for any resourcer, Prob(r0JR(C) O
r0R(C"))=0 holds, then we say th& andC’ are independent
of each other.

Theorem 2.Let RS(Xy, Xy, ... , Xy) be a probabilistic resource
space satisfying 3NF. For any two axgsandX; (1<i, j<n)
and resource in RS " pror OR(C)) = 3 Prob(r OR(C))

Theorem 1. For axisX, if any two coordinates oiX are coxi cox
independent of each other, then for any resource holds.
Prob(rtR(X)) = 3" Prob(r JR(C)) < 1 holds. Proof. SinceRS satisfies 3NF, coordina@ at axisX; can be

COX

Proof. According to the definition of resource spaRg) = ey classified by axis X. So Prob(rlR(C)) =
R(C)OR(G,)0...OR(Cy) for axis X = {Cy, Cs, ..., Crf. > (Prob(r DR(C) Or OR(C") holds. Thus, we can get that
Because any two coordinat€ and G (I<izj<m) on X are _ ~holds
independent of each oth@rob(rOR(C;) [ rOR(C;)=0 holds. CDZXi Prob(r UR(C)) _CDZXiC%(PrOb(V OR(C)OrOR(CY)) '
So the probability of resouraebelonging toR(C)OR(C) is . . )

he sum of the probabilty of belonging toF(i(C)i) ol the ON the other hand, coordina@ at axis X, can be finely
probability of r belonging toR(C), i.e. Prob(rOR(C;) O classified by axis X. hslg’ TI;rob(rDR(C)) _h
rOR(C)) = Prob(fOR(C)) + Prob(fOR(C)). So the 2, (Prob(r DR(C)DrOR(C)) Nolds. Thus, we can get that
probability ofr belonging toX is the sum of the probability of < _ '

r belonging to each coordinate ok i.e. Prob(rOR(X)) ;qprOb(rDR(C')) = 2 2 (Prob(r OR(C") Or OR(C))

r Holds COXj COXi
% Prob(r O R(C)) : holds. Therefore Z Prob(r OR(C)) ~ Z Prob(r OR(C"))

In theorem 1, < 1 represents the case that o Ty
2, Probr OR(CE) = H1EP Folds.
there is the probability that belongs to a certain coordinate Theorem 2 indicates that for any two axésandX; of a
not at axisX. For a resource spa®s satisfying 2NF, the probabilistic resource space satisfying 3NF, thabability of

probability ofr belonging to any axis can be evaluated from@sourcer belonging toX; is equal to the probability of
the membership probability function 0bn this axis. belonging toX;.

2) The Third Normal Form Theorem 3. Let RYX;, Xo, ... , X,) be a 2NF probabilistic
Fine classification and orthogonal classificati@mantics resource space. For any aXis(1<i<n) and any coordinat€

are to normalize a resource space. A more genefalittbn at X;, Prob(rOR(C)) = Z Prob(r O R(p)) holds, wherep
of fine classification in the P-RSM is given adduols: pIX=C

Definition 3. Let X={C,, C,, ..., .} be an axis andC be a represgnts point_ iFiS.andp[Xi] is the projection op at axisX;.
coordinate at another a%i§ we say thai finely classfiesc’  And_if RS is in 3NF, we have Prob(rUR(C))

(denoted a€'/X) if and only if for any resource = > Prob(r OR(p))-
pIXJ=C
a) Prob((rOR(C)nR(C)) O (rOR(C)nR(C))) = 0, for ) . o
1<izj<n; and, Proof. Let T be the union of all points whose projectionsXpn
b)  Prob(rOR(C))= . are C. SoR(T) = R(C) n R(C) - Since resource
) PIOBITRIC))= 3" Prab(r DRC) DRC)Prob(r IRC) L,ﬂ ch. )
hold. spaceRS satisfies 2NF, any two points RS are independent

According to definition 3 and the total probabilihbeorem, f eacg bOtgelg Thus So we lavi PrgtgrDR('Di
coordinateC’ can be finely classified by axi if and only if p[%;c rob(rIR(p)) - p[%;c rob(r L'R(p))
the probability of resource belonging toR(C’) can be _ N
partitioned into the probabilities ofr belonging to TTOPUH(RCON M) [ JRG) ) holds. Prob(rUR(C)
R(C) nR(Cy), R(C) nR(Cy), ..., andR(C) nR(C,,) respectively. 1< rl=n GIX

For two axesX={Cy, Cp, ..., G} and X={Cy, C7, ..., 2 > Prob(r OR(p)) holds. On the other hanBrob(rLR(T))
Cn}, Xfinely classifiesX’ (denoted as</X) if and only if X pIXi=C
finely classifiesCy, C,, ..., andC,, respectively. Two axes = Prob(rl(R(C)n ﬂ U R(C) ) = Prob(r(R(C) n

X and X' are called orthogonal with each other (denoted as 1<j#i<n GO
XEX) if X finely classifiesX’ and vice versa, i.e., botk'/X ﬂ R(X;) )) holds. If resource spacBS satisfies 3NF,
andX/X' hold. 1<jtizn

Definition 4. A probabilistic resource spaB(Xy, X, ... ,X,) coordinateC can be finely classified by axi§ (1<j#i<n). We
satisfies the third normal form of RSM if for anya axesX; can get thaR(C) is a subclass dR(X). SoProb(rOR(T)) =
andX; (1<izj<n) in RS XX holds.
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Prob(rd(R(C)n ﬂ R(X) ) = Prob(rOR(C)) holds. 2. z Prob(r O R(p)) = Prob(rdR(C)), for any coordinate

I<j#isn p[ Xi]=C
ThereforeProb(rdR(C))= Z Prob(r O R(p)) holds. C at axisX; (1sis n);
pX=C 3. Prob(r OR(C)) = D" Prob(r OR(C")), for I<i #j<n
COXi CTXj

C. Membership Probability on Points 4. L; < Prob(rOR(p)) < U;, for any poinfp; in RS

Besides the membership probability of resourbelongingto ~ When RS is in 3NF, it is obvious that item 3 of the
each coordinate, another important issue is haspéaify the constraint is redundant. Item 3 will be satisfiedath item 1
membership probabilities ofbelonging to points. and item 2 are satisfied.

For pointp(Crjn, Cojp, - Cnjn) in resource spadBIX., Theorem 4. For any probabilistic resource spaB§ the
Xa, ..., %), R(p) is defined aR(Cij) n R(Czp) N ... N membership probability interval of any resourcbelonging
R(Cnjn), whereCi;i is the projection of poinp on axisXi to pointp can be obtained in polynomial time of the number
(1<i<n). So the probability of resoureebelonging to poinp  of points iNRS.
is th bability of th lexit t thabel t
1> 1€ propabllity of e compextly even Cands 10 Proof. For resource spa@®s(Xy, X, ... , Xn), if RSis in INF,

R(Cijp), R(Cyp), ..., andR(Cyj,) simultaneously. Since no - 21t

sufficient information is available, we can only ge interval N€n the membership probability interval of reseurc

for the membership probability ofbelonging tap. belonging to pointp is [max{0, .. maq0, max{0,
For a resource space only satisfying 1INF, the fmittggof ~Prob(riR(Cy)) + Prob(rlIR(C;)) — 1} + Prob(riR(Cy)) -

r belonging top falls into the interval fex{0, ... max{o, 1} ... + Prob(riR(Cy)) - 1}, min{Prob(riR(Cyp)), ...,

max{0, Prob(rOR(C,;)) + Prob(rfOR(C,) - 1} + Prob(riR(Cy))}], where G is the projection op on axisX;
Prob(rOR(Cse) - 1} ... + Prob(rOR(C.)) - 1}, (I<i< n). It is obvious that both the lower bound andupper
min{ Prob(rOR(Cy 1)), ..., Prob(r OR(Co i)}]. bound can be computed withirl steps.

For a resource spa®SXi, Xo, ... , X, satisfying 2NF, If RSis in 2NF, the issue on identifying the membership
according to theorem 1 and theorem 3, the inteforathe Probability intervals of resouraebelonging to points can be
membership probability afbelonging ta can be obtained by converted to the following linear program problef

resolving the following linear programming problem: Object function:

Object functionProb(rOR(p)); Prob(r0R(p)), for any pointy in RS;

Subject to: Subject to:

1.3 Prob(r OR(C))< 1, Kisn; 1.3 Prob(r DR(C)) < 1, Kisn;
COXi COXi

2. Prob(r OR(p)) < Prob(rOR(C)), for any coordinate 2. %" Prob(r OR(p)) < Prob(rOR(C)), for any coordinate
pIXI=C pIX=C

C at axisX; (1<i< n); C at axisX; (1<i< n);

3. Y Prob(rOR(p?)) = max {0, .. max{0, max{0, 3. > Prob(rOR(p')) 2 mex {0, .. max{0, mex{0,

pORS pORS

Prob(rOR(Xy) + Prob(rOR(X;)) — 1} + Prob(rOR(Xs) - Prob(rOR(Xy)) + Prob(rOR(Xz)) — 1} + Prob(rOR(Xs)) -

1} ... + Prob(r0R(X,)) - 1}; and, 1} ... + Prob(rOR(Xy)) -1} o

4. L; < Prob(rOR(p) < U, for any poinp; in RS 4. L < Prob(rR(p) < U;, for any poinip; in RS

L; andU; in item 4 of above constraint are respectively the In LP, both Prob(rCR(C)) and Prob(rLIR(X)) (1<i<n) are
lower bound and the upper bound of the membersigipnstants an®rob(rlR(p)) are variables. It is obvious that
probability ofr belonging tqy set by users. If thegre not set both the number of variables and the number ofuakiges in
explicitly, the default value df; is 0 and the default value ofLP are polynomial in the number of pointsR& Since linear

U is 1. programming problem is tractable in polynomial tjntlee

If RS satisfies 3NF, then the linear programming problefiembership probability interval of any resourcbelonging
will be: to pointp can be obtained in polynomial time of the number

. ] of points inRS.
Object functionProb(rCR(p)); In the similar way, we can prove that wheg is in 3NF,
Subject to: the membership probability interval of any resounce

belonging to poinp can also be calculated in polynomial time

1. > Prob(r OR(C)) < 1, Kisn; of the number of points iRS

COXi
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IV. OPERATIONS OFPROBABILISTIC RESOURCESPACES represents=, %, <, <, >, 0r>, T represents a resource set of

A. Point Query points in RS Complex logic expressions can be created by

' combining basic ones with, (] [0, O and-.
The first query approach of the P-RSM is point query. The|f RS does not satisfy 2NF, we do not have any knowledge
result of a point query is a set of points, each of whighout the relationship between any two points. Sas it
contains a set of resources with membership probability  gjfficult to evaluate the membership probability ofaeser

For a resource spaéts the point query operation is usegelonging to the set combination of multiple pointsR&
to select the desirable points according to given réastie s ino,(RS = {r | TORS O F(r, T}, if RSdoes not satisfy
This type of query can be denoted @tRS={p | pURS [ 2NF, the probabilistic resource space osilpports the case
Fo(p)}, whereF, is a logic expression. The basic formFpfis: ot T represents a single point RS For exampleg (RS =
Pm[X] 6 Y, whereY may bep,[X] or just a noun and nounfy | rORS O Op,0p, (Prob¢OR(py) OR(p))>0.5)} is not a
phase in domain ontologyp, and p, are points an@ valid resource query ifRS does not satisfy 2NF since
represents =#, <, <, 2 or >. F, is usually a logical prob¢OR(p,) OR(p,)) involves two different points irRS
combination of basic forms by L_JsiﬁgD and-. And, (RS = {r | rORS O Op:(Prob¢CR(p,)>0.5) O

The P-RSM uses the following statement to support PO, (Prob(tIR(p,))<0.7)} is valid resource query since both

que_ries. The_conditional expr_on in this statement Is the Prob{UR(p.)) and Prob(IR(p2)) only concern a point iRS
logical combination of restrictions on the projectiam axes |t Rg satisfies 2NF, the event resourckelonging to point

of points. p and the event belonging to another poim are mutually
SELECT POINTp FROMRS(Xj, ... X) exclusive. The membership probability interval dfelonging
[WHERE <conditional expression>] to the set combination of multiple points RS can be

obtained by solving a linear programming problem. &o i

0(RS = {r | rORS O F(r, T)}, if RS satisfies 2NF, the
8 probabilistic resource space supports the caselthgtresent
a set combination of multiple pointsR&

[ | |
[ | |
5 : _i e SELECT POINT p FROM RS(4. 8. €)
/l 'i - /JI = 1 WHERE p.4=a; AND p.C=c; AND (p.B=bh, OR p.B=b;) B SELECT RESOURCE + FROM RS(A. B)
il ‘ot | Y WHERE EXIST py, ps (
by t{-—AF - 1-F- rewn (pi[4]=a: AND p[BJ=b;) AND
e K JL_}__ El_ hfF--—-@--—-@®--—-@ ([ A]=a: AND ps[Bl=h:) AND
\ T I | | r g e ]
S ’-' ! J > A ‘p‘(u;ﬁl, ¢) v pafas, B, €)) I I T X Probir, pi U pp)>0.5
Sa | ra iy I Y I )
[ - s by __'_'.__T'¢'_'___‘.

return

{r: 3p 3palp A1=ar 4 pi B,
> A A pa[dl=ay w [ Bl=h
a s s w Prob(re(p v py)) = 0.5}

Fig. 6. An example of point query. I I

Take Fig. 6 for example, if the user wants to query all Fig. 7. An example of resource query.
resources in pointg(a;, by, ¢;) andpy(ay, by, ¢p), the logical
expression should h&,(RS)={p | pURS U p[A]=a, [ p[C]=c:

Take Fig. 7 f le, th is to ret Il neses
O (p[B]=by O p[B]=hy)} and the issued point query statemen}, axe mg. [ 1or example, te query 1S 10 refiin afuese

RS such that the membership probability of each resource

should be: belonging topi(ay, b))Ops(az, by) is greater than 0.5, i.e.
SELECT POINTp FROMRS(A, B, C) Prob(rO(R(p)dR(p2)) > 0.5. If RS is in 2NF, the event
WHERE p[A]=a, AND p[C]=c;, AND (p[B]=b; OR resourcer belonging to poinp; and the event belonging to

p[B]=by) another point p, are mutually exclusive. So

Prob(rd(R(p)0R(p2)) = Prob(rCR(py)) + Prob(rOR(py))
holds. We can use the following linear program to caleula
the membership probability interval ofbelonging top,(ay,
bl)Dpz(az, bz)
B. Resource Query ) Object function:
The query re_su_lt of a resource query is a set of resowa_els Prob(rOR(py)) + Prob(rOR(p,)):;
of which satisfies the specified restrictions on menibprs
probabilities. Subject to:
This type of query can be represented&RS) = {r [ rORS 1. Z Prob(r JR(C)) < 1, for any axisX; in RS 1<isn;
O F(r, T)}, whereF; is a logic expression. The basic form of coxi
F, is Prob(rJT) 8 Y, whereY represents a real number ahd

Thus, pointg,(ay, by, ¢;) andpy(ay, by, ¢;) will be returned
with resources and their membership probabilitiesrizghg
to these two points.
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2. Z Prob(r O R(p)) < Prob(rbR(C)), for any coordinate Courses, Classes andGender aref-courses S-classesfNdSr-Gender

pIXJ=C respectively such that:
C at axisX; (I1<i< n); 1) B (Math)=0, S (o] i =
r-Course -y, r-Course peratl ng System)—o, and
3. Z Prob(r OR(p)) = max {0, .. max{0, max{0, B course{Database)=1.
PrRS (2) ,Br—CIasseQCl)zo, ,Br—CIasseQCZ)zl, andﬂr—CIasseQCS)zo;

Prob(rOR(Xy)) + Prob(r0R(Xp)) — 1} + Prob(rOR(X3)) - (3) B-cendelMale)=1 andB.cene(Female)=0.
1} ... + Prob(rOR(Xy)) — 1} ) ) _ -
4. L; < Prob(rOR(p) < U,, for any poinp: in RS, The process o_f |t|:]sert|ng a rest(r)]urce_w_ltoI a probtbilis
resource space is the same as the original resource spa

5. Prob(rtR(p.)) + Prob(rbR(pz)) > 0.5. except that the membership probability functions in Bhe

In above linear program, item %Prob(rOR(p;))) + RSM can take value within the range [0, 1].
Prob(r00R(p2)) > 0.5 is the constraint taken from the query The following is the insertion statement used to insert
statement. If above linear program is solvable, thie® resource into a resource spa®s. A, 3, ..., andg, are the
resource will be returned. membership probability functions ofon axesX, X,, ..., and

In Fig. 7, the corresponding logical expression of th&, respectively.
resource query isg(RS)= {r: Onoa(pi[Al=a; O pa[B] = b, O
[A] = 8 0 po[B] = b, OProb(r0(ps O po)) > 0.5} and the  NOERTI<Bu B oo, B> INTORSSXy, X, ..., Xo>
SQL-like resource query statement should be in the follgw The P-RSM also supports the following delete operation

form: and update operation:
SELECT RESOURCE FROMRYA, B) DELETEr FROMRS
WHERE EXISTpy, p2 ( [WHERE <conditional expression>]
(p1[Al=a2 AND py[B]=b;) AND UPDATE<B;,..., B> INTO R&X,,..., X>
(p2[A]=a2; AND p,[B]=b,) AND [WHERE <conditional expression>]
Prob(r, p; O p2)>0.5 . _—
) D. Operations on Probabilistic Resource Spaces
. Join, Disjoin, Merge and Split are four major operatiohthe
C. Resource Modification original RSM. The following defines the corresponding

In the original RSM, before a resouncean be inserted into aoperations in the P-RSM.
resource spadeS we have to identify the coordinates which

belongs to at each axisRS (1) Join. If two resource spacéS (Xy, ..., Xm, Y1, ..., Yn) and

RS(Yy, ..., Yo, 4y, ..., Z) Store the same type of resources and
haven common axes, then they canjbmed together as one
resource spac®Y(Xy, ..., Xm, Y1, .-+, Yn, Z1, ..., Z) such that
insention 1 (Classes=Cs, Courses=Dawabase, Gender=Male)  RS; @aNdRS, share thesa common axes an®J=RS| + RS
A A7 - . - n. For any resource in RS the membership probability
[fetiete functions ofr on axesX; (1<ism), Y, (1sj<n) andz, (1<h<k)
A EEp— are the same as those functionBR# andRS.,.
G, e et LEtPOG, -oo X Yy wovs Yow 22 - 25 PulXs - X Y3, - Yo)
| andpx(Y1, -+ Yn 24, ..., Z) be the points iRS RS, andRS,
o i Dt respectively. The event of resourcebelonging to pointp
Male < | Sstem corresponds to the event that battbelonging top, andr
Female, belonging top, occur simultaneously. If the membership
probability interval ofr belonging top, is [L;, U] and the
membership probability interval af belonging top, is [L,,
U,], then we can obtain the following restrictiomax{0,
Li+L,-1}<Prob(rOR(p))<min{U;, U,}. The membership
Take Fig. 8 for example, the resource spR&Classes, probability interval ofr belonging top can be calculated
Courses, Gender) is used to manage student informatioaccording to the approaches introduced in section 3.2.3.

according to theirclasses, courses and gender. Once the 2) Disjoin. A resource SpadRS(Xa, ... Xm Ya, +.os Yo Zis oo

resourcer has been identified that it belongs to coordina L .
Database on axisCourses, belongs to coordinat€, on axis ) can bedigjained into two resource Spac&Sy(Xy, ..., Xm
. : . Yy, ..oy Yn) @andRS(Yy, ..., Yo, Zy, ..., Z) that store the same
Classes and belongs to coordinali4ale on axisGender, it can
) . . type of resources as thatR6 such that they hawe common
be inserted into the poinDétabase, C,, Male). ;
axes andk + m different axes, andR§=RS| + RS| — n. For

al From (t:r;e péerrs]g;f;\\/l/gl g)f ﬁggﬁgg't%ﬁguriiDﬁiﬁaﬁh o @ny resource in RS, the membership probability functions of

membership probability functions of resourceon axes [ ON axesX; (I<ism) and; (1<jsn) are the same as those
functions inRS

Classes

Gender

Fig. 8. Insert a resource into a resource space.
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For pointp(Xy, ..., Xm, Y1, ---, Yn) IN RS, letp; be the pointin ~ Note that there are two concepts in above definition: nul
RS such thatp; has the same projections on aXgs..., X,, point and non-null point. In the original RSM, if a pboi

Yy, ..., Y, as pointp (1<i<t). Suppose that the membershigannot contain any resources, then this point is denoted as

probability interval of resource belonging top; is [L, U] null point, otherwise it is denoted as non-null point.He P-

(1<i<t). Then we can obtain the following restrictions: RSM, pointp is a null point if and only if for any resource

(@) If RS only satisfies INF, thermax{L;, ..., L} < Prob(rOR(p))=0 holds. The key in the probabilistic resource
Prob(rOR(p))<smin{1, U+ ... +U} holds; space is defined as follows.

(b) If RSonly satisfies 2NF, theby+ ... +Li<Prob(rUR(p))<  pefinition 6. Let CK be a subset of axis seXq Xo, ...,
1 holds; and, X.Jand py, p. be any two points of resource spaR8(Xi,

() If RS satisfies 3NF, therL,+ ... +L<Prob(riR(p))< X, ..., X.) such thatpX]=ps[X], XOCK. CK is called a
Ur+ ... +Uiholds. candidate key of resource spaR8 if CK satisfies: if there

(3) Merge. If two resource spaceRS,(Xy, ..., Xnq, X') and €Xists an axisX; such thatXl{X, X, ..., X}-CK and
RS(Xy, ..., Xn.1, X?) store the same type of resources an@[X]#p[X]; thenProb(r;UR(p;) Or20R(p,))=0 holds for any
satisfy: a) RS|=RS,|=n; and, b) they have-1 common axes, WO resources, andr..

and there exist two different axeé and X" satisfying the  apove definition implies a kind of resource dependency: if
merge condition, then they can be merged into BSEY  eyentr, belonging tgp; occurs, the probability of belonging
rgtammg ther_1—1 common axes and adding a new axig P2 is 0, i.e.Prob(r.00R(p,) | r1OR(py) = 0, vice versa.

X =XUX'. RSis called the merge &S, andRS;, denoted as  \ost previous probabilistic relational data models ngana
RSURS=RS, and RS= n. For any resource in RS the entities one by one and seldom concern the relationship
membership probability functions ofon axesX; (1<isn-1) between entities. They usually assume that the unusytai

are the same as those function®k#. Let  and 5’ be the one entity is independent of another entity. The P-RSddlgh
membership probability functions of at axesX' and X’ consider some dependency between resources. The following
respectively. Then the membership probability funcfioof r  theorem presents a situation where the probabikstints of

on axisX is defined as follows: for any coordinafeat axis two resources should not be supposed to be independent of

X', AC)=B(C) if Cis at axisX’, otherwiseC)=4'(C). each other.

(4) Split. A resource spad@S(Xy, ..., X,.1, X) can besplit into Theorem 5.Let CK be a candidate key of 3NF resource space
two resource spacd®S, andRS; that store the same type oRS(Xy, X, ..., X,) andCK’ be a subset ofX, Xy, ..., X;} such
resources afkS and haveRY-1 common axes by splittingthat CKOCK'. Let p, andp, be two points inRS such that
axis X into two: X and X”, such thatX=X'OX". For any PiX]=p[X] (XUOCK) and pi[X]#p[X] (XUCK'-CK). For
resourcer in RS, the membership probability functions rof any two resources, andr,, the events;] ﬂ R(C)

on axesX (I<isn-1) are the same as those function®R# XOCK'Dpi{ X]=C
Let 5 be the membership probability functionrobn axisX. andr, ﬂ R(C) are not independent of each other,
Then, the membership probability functighof r on axisX’ XOCK ‘Opal X]=C
is defined as follows: for any coordinate at axis X, andProb(r;0] N RO O r,0 m R(C)) = 0.
B(C)=AC). XOCK'Opa X]=C XOCK 'Op2] X]=C

V. INTEGRITY CONSTRAINTS UNDERPROBABILITY Proof. Suppose that botRrob(r,0 ﬂ R(C)) 0
Integrity constraints play an important role in maintagnin XOCK 'Opy[X]=C

consistency of the RSM. In the P-RSM, the meaningoafe 5,4 Prob(r,[] ﬂ R(C)) # 0 hold. SincerS satisfies
constraint rules changes and new rules are taken into

; ; XOCK 'Op2[ X]=C
consideration.

3NF, both m R(C) = U R(p) and
A. Keyin Probabilistic Resource Space Model XOCK 'Dpyf X]=C XOCK Opx X] = X]
As a coordinate system, the RSM supports accurate resource [|  R(C) = U R(p) hold. If
location by giving coordinates. However, it is sometimesick Opz X]=C XOCK ‘Op2l X]=p[ X]
unnecessary and even arduous to specify all the coorslitwateProb(r, 0 m R(C) UrU m R(C)) # 0, then
identify a point, especially for high-dimensional resource XOCK Tpi X]=C XOCK ‘Dpz] X]=C
spaces. The key has been defined in the original RSMif@re must exist at least two poings and ps such that
efficiently locate resources. piX]=psX], PoXI=pdX] (XOCK) and Probi(rOR(ps) O

Definition 5. Let CK be a subset of axis seX{ X, ..., Xi}, 20R(ps)) # 0 hold. This contradicts to the fact theK is a
p. andp, be any two non-null points of resource spREEX;, candidate key ofRS So Prob(r,O m rRe) U

Xz ..., Xp). CK is called a candidate key of resource spe XOCK 'Opg X]=C
if we can derivep[X]=po[X], XO{X1, Xo, ..., Xq} from 0 (|  R(C))=0holds.
piX]=p2[X], XOCK. XOCK 'Op2 X]=C

9
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B. Integrity Constraintsin Probabilistic Resource Space into all the points having projectiol® at axis X, i.e.
Model Prob(rOR(C)) = S Prob(r OR(p) holds. Rule 3 should be
Modification of resources may result in inconsisteriay PIXI=C

resource spaces. Entity integrity constraint, membersigipecked to make sure the maintenance of theoremned
integrity constraint, reference integrity constraimtd user- inserting or updating resources.

defined integrity constraint have been proposed in tiginat So far we have presented a complete P-RSM.

RSM. More integrity constraint rules should be digiksin the

P-RSM. VI. EXPERIMENTS

The following experiments are to compare the oaiRSM
and the proposed P-RSM in managing uncertain Glzeg&in
semantics.

Rule 1. For resource spad@S(X;, Xz, ..., Xn), let 5; be the
membership probabilistic function of resounceat axisX;,
(1<i<n). For any coordinat€ atX;, 0< £i(C) <1 must hold. If
any two coordinates oiX; are independent of each otherA. Experimental Data and Schemas
then" gi(C')< 1 holds. Experimental data are the papers collected fromWioeld
cOX Wide Web conference from 2001 to 2007. These pdpérs

Since Gi(C) represents the probability of resource into 13 topics such as Browser & Interfaces, Dataid, E-
belonging to coordinateC, it is natural to require thatApplications, Search, and Semantic Web. The foligwiwo
0<fi(C)<1 should hold. For axiX;, R(X) = U R(C') holds. resource space schemas can be designed to maresge th

cox papers.

If any two coordinates aX; are independent of each other . .
~ . (1) 1NF resource spad®S(Topics, Years, Locations), where
Prob(riR(X)) = 3" gi(C)- S0 Y Bi(C')< 1 holds. The Topics={ Browser & nterfaces, DataMining, E-

C'OXi CTOXi H H H H
insertion and modification of resources and mengerations égrr;lcl)?ﬁrla%rg&&al ability UbizL?tc;Lc;e&ExperSégrngﬁ,
between resource spaces may violate Rule 1. Sercurity&Reliability S’erranticVVeb \WebEngi neering’
Rule 2. For resource spa®S(Xy, X,, ..., X,) and resource, XML&WebData, WebServices, Ontologies, E-Learning,

let 8; and B; be the membership probabilistic functions of ~WebMining, Multimedia}, Years={2001, 2002, 2003,
resourcer at X andX; (1<i, j<n) respectively. IfX, can be 2004, 2005, 2006, 2007} anidocations={Hong Kong,
finely classified byX, and any two coordinates & are Hawaii, Budapest, New York, Chiba, Edinburgh, Banff}.

independent of each other, th _ < ~n holds. Since axisTopics has several coordinates that are not
P BNAC) < 3 BilC) independent of each other such Zemantic Web and

Ontologies, resource space scheiRg does not satisfies
2NF. Two resource space instand®RS, and PRS
having the same schema &S are created for the

COXi C'OXj
If X is orthogonal withX;, i.e. XX holds, thenz [i(C)

COXi

= Z_ﬁfJ(C') must hold. original RSM and the P-RSM respectively.

e (2) 2NF resource spad®S,(Topics, Years, Locations), where
If Xi/X; holds, we can conclude thRX)OR(X) holds. So Topics={Browser & Interfaces, DataMining, E-
Prob(rlR(X;)) < Prob(rdR(X)) holds. Since R(X) Applications, Practice & Experience, Performance &
= YJRrRe) and RX) = [JRrRec) . both Scalahility, Ubiquitous, Search, Sercurity & Reliability,
COX coX Semanticweb, WebEngineering, XML & WebData,
Prob(rOR(X))= Z [i(C) and Prob(rIR(X)) = Z Bi(C") WebServices, Multimedia}, Years={2001, 2002, 2003,
COxi coX 2004, 2005, 2006, 2007} anidocations={Hong Kong,

hold. Thus, (C) < -(C') must hold. Hawaii, Budapest, New York, Chiba, Edinburgh, Banff }.

C%:G'G © C%;q'g i(C) Since all coordinates on each axis in resource espac

If X is in orthogonal with;, bothX/X; andX;/X; hold, then schemaRS, are independent of each othBS, satisfies
2NF. Two resource space instand®R®S and PRS

both C%:(iﬁ i(C) SC%;('B i(C') and C%:G'B i(C) ZC%;(_'G”(C') having the same schema &S, are created for the
. : original RSM and the P-RSM respectively.
hold. Soz [Gi(C) = Z Bi(C") holds.

Coxi coX The membership probability of each paper belondimg

each topic can be calculated by using the naivesbayodel.
Rule 3. For any 3NF resource spaB&(X;, X, ..., X») and  gogiean model based keyword veciois used to represent
resource, let 4 be the membership probabilistic function Of)aper. For topic3y, ..., andTy, the probabilityp(Tx) is used

resource atX; (1<i<n). For any coordinat€ onX; and point o represent the possibility of a given paper kgitg to topic
PINRS S prob(r OR(p)) = Ai(C) holds. T.. p(Ti|x) can be evaluated bp(&[T;)*P(T)))/p(x), whereP(T;)
pLXI=C is prior probability. The required training samplae the
According to theorem 3, in any 3NF resource sp#e, papers published in WWW2002 and WWW2005.
probability ofr belonging to coordinat€ can be partitioned
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gradually improved with the increase of the probability
) ) upper bound.

B. Queries on Uncertain Resources (2) To manage the uncertain information by the original
To manage uncertain resources in the original RSM, the RSM, both the recall and precision of 1NF resourceespac
following strategies will be adopted: is better than 2NF resource space. It is mainly because
paper can belong to several topics in the 1NF resource
space whereas a paper can belong to only one topie in th
2NF resource space.

The probabilistic resource spaB&S, has better recall
and precision than the original resource sp&RS, and
ORS,. It is mainly because the probabilistic resource
space can store all the probabilistic informatioa paper
belonging to the topics regardless of their independence.

(1) Let RShbe a resource space satisfying 2NF. For resaurce
and any axisX of RS, select the coordinat& on X such
that the membership probability obelonging toC is the
maximum among all the coordinates ¥n Then, insert )
resource into coordinateC.

(2) If RSis just in 1NF, select the coordin&eon X such that
the membership probability af belonging toC is the
maximum among all the coordinates 2n And then
insert resource into coordinateC and the coordinat€’ The second experiment is to evaluate the impact of
as long a£’ is not independent df and the membership confidence threshold on the recall and the precisionnwhe
probability ofr belonging taC' is greater than 0. querying in the probabilistic resource spaces. Fig. 11atelc

Using the original RSM to manage uncertain resourcélg,e trend in the recall and the precision of thebpbiistic

users have to judge which coordinates a given resou 8§ouhrcle(:j ?/F\)/aC@RSld WItTh thfe”mc_reatse of thle c_:onfl_dence
belongs to according to the membership probabilitie reshold. vve can draw the foflowing two conclusions:

Misjudgment will lead to the resources to be classified i (1) The recall of the probabilistic resource space goes down

improper coordinates.
Different from the original RSM, the P-RSM will nmaain
all the membership probabilities of each paper belangin

and the precision of probabilistic resource space gpes
with the increase of the confidence threshold. In the
resource query on the probabilistic resource space, only

each topic. It supports the resource query according to the the papers of which membership probability is equal to or

membership probability. Using the resource query,
confidence threshold for each paper belonging to a gof@n t
can be set when querying in the P-RSM. For exampltaen

a larger than the confidence threshold can be returnads, Th

the number of returned relevant papers goes down and the
total number of the returned papers goes down more.

query “return all papers of which the topicsmarch and the (2) Theoretically, the recall of the probabilistic resce

membership probability is equal to or greater than Qs
confidence threshold is 0.2.
The following experiments evaluate the recall and pi@tis

for querying the original RSM and the proposed P-RSMe Th

recall is the ratio of the number of the returnedvaht papers

space will be 100 percent when the confidence threshold
is 0. It is because if the confidence threshold isIGhal

papers having the possibility of belonging to a certain
topic will be returned. On the other hand, the 100 percent
of recall is due to the expense of somewhat low precision.

to the total number of the relevant papers and thegioa is
the ratio of the number of the returned relevant apethe
total number of the returned papers.
We refer to the maximum among the membershif 0.8
probabilities of a given paper belonging to each topitha || TrTweRs »

probability upper bound of this paper. According to the 07 :i’;FSRS

probability upper bound, the papers have been classifie@®int  0-6 |

categories: the papers of which probability upper bound i% 05

equal to or less than 0.3, 0.4, ..., or 1. 3
The first experiment compares the recall and the gieci  © 04

of the original RSM and the proposed model. Fig. 9 and Fic 0.3

10 plot the average recall and precision of the res@paees

ORS,, ORS and PRS,. When querying in the probabilistic

resource spacBRS,, the confidence threshold is set to 0.2. 0.1

The following conclusions can be drawn: 03 04 05 06 07 08 09 1
Probability upper bound

0.2

(1) The probability upper bound can indicate whether the
membership probability distribution of a paper belonging
to the topics is even or not. Both the recall and the
precision are quite low when the membership probgbilit
distribution of a paper belonging to the topics is even.
This is mainly because it is easier to misjudge when the
probabilities of a paper belonging to several topics are
almost equal. Both the recall and the precision are

Fig. 9. Recall comparison.
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Fig. 12 is the paper distribution comparison in resource

06 . spacesORS,, ORS;, PRS, andPRS,. Two conclusions can be
05 [ g ners /g drawn from this experiment:
é 0.4 ] —a—rRs (1) Resources are distributed more even in the probabilist
S 03 resource space than the original resource space.
T g5 (2) Normal forms have more impact on resource distribution
of the original resource spaces than on that of the
01 probabilistic resource spaces. This is mainly because a
0 resource in the probabilistic resource space can be
03 04 05 06 07 08 09 1 inserted into a point if the membership probabilityttos
Probability upper bound resource belonging to this point is larger than 0. But in
) o ) the original resource space, a resource cannot beddsert
Fig. 10. Precision comparison. into two points independent of each other simultaneously.
VII. CONCLUSION
! A powerful semantic data model is the key to efficiently
—l— Recall . . .
0.8 —e— Precision manage various resources on the Web. RSM IS a semantic
data model for managing the contents of various resouxces b
v 06 normalizing classification semantics. By mapping the RSM
g 04 into probabilistic space, this paper extends the RSRIRSM,
' which can effectively manage resources by uncertain
02| classification semantics. Compared with RSM, the preghos
P-RSM can manage richer uncertain classificatiorrintion,
0 support more flexible resource queries, and have better query
0 01 02 03 04 05 06 07 08 09 performance based on recall/precision. It could be aisnog
Confidence threshhold semantic data model for managing Web contents. The trade-
_ - . off is that P-RSM needs to store the uncertain inftionao
Fig. 11. Recall and precision of a probabilistisarce space. support the flexibility. The cost is the total number of
C. Resource Distribution coordinates of a resource space.
Here we compare the resource distribution in both thénaitig ACKNOWLEDGMENT
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represent how even the resources are distributedencaince
space, whereis the total number of resources to be manag
n is the total number of points in a resource space @nid |
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