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Abstract are applicable only to this universe. In practice, however,
) . _ ) there is an evident need to generalize conclusions obtained
The Variable Precision Rough Set Inductive Logic from a smaller set of examples to a larger population. The
Programming model (VPRSILP model) extendsthe  \/pRS model allows for a controlled degree of misclassifica-
Variable Precision Rough Set (VPRS) model toIn- jon Any partially incorrect classification rule provides valu-

ductive Logic Programming (ILP). The VPRSILP able trend information about future test cases if the majority
model is considered from the Statistical Relational  f gvailable data to which such a rule applies can be correctly
Learning perspective, by comparing and contrast-  ¢|assified.

ing it with Stochastic Logic Programs. This paper presents the Variable Precision Rough Set

Inductive Logic Programming moddMaheswariet al,
_ _ , . 20014, an extension of the gRS—ILP model using features
Keywords: Rough Set Theory; Variable Precision Rough ot the VPRS model, and compares and contrasts this model

Sets; Inductive Logic Programming; Machine Learning; Stasjith Stochastic Logic Prograni#luggleton, 2000
tistical Relational Learning '

2 Inductive Logic Programming

1 Introduction The semantics of ILP systems are discussefMaggleton
Inductive Logic Programming (ILHMuggleton, 1991isthe  and Raedt, 1994In ILP systems, background (prior) knowl-
research area formed at the intersection of logic programmingdgeB and evidence® (consisting of positive evidencg*
and machine learning. ILP uses background knowledge, angdnd negative evidencE~) are given, and the aim is then to
positive and negative examples to induce a logic program th&ind a hypothesig? such that certain conditions are fulfilled.
describes the examples. The induced logic program consists In the normal semantigs the background knowledge,
of the original background knowledge along with an inducedevidence and hypothesis can be any well-formed logical
hypothesis. formula. The conditions that are to be fulfilled by an ILP
Rough set theoryPawlak, 1982; 1991defines an indis- system in the normal semantics are
cernibility relation, where certain subsets of examples can- Prior Satisfiability:B A E~ [ O
not be distinguished. A concept is rough when it contains Posterior SatisfiabilityB A H A E~ (£ O
at least one such indistinguishable subset that contains both Prior NecessityB ~ E*
positive and negative examples. It is inherently not possible Posterior SufficiencyB A H = ET
to describe the examples accurately, since certain positive and
negative examples cannot be distinguished. However, thedefinite semantigsvhich can be considered
The gRS-ILP moddISiromoney, 1997; Siromoney and In- as a special case of the normal semantics, restricts the
oue, 2002 introduces a rough setting in Inductive Logic Pro- background knowledge and hypothesis to being definite
gramming. It describes the situation where the backgroundlauses. This is simpler than the general setting of normal
knowledge, declarative bias and evidence are such that any isemantics, since a definite clause theftyhas a unique
duced logic program cannot distinguish between certain posninimal Herbrand modeM ™ (T'), and any logical formula is
itive and negative examples. Any induced logic program willeither true or false in the minimal model. The conditions that
either cover both the positive and the negative examples iare to be fulfilled by an ILP system in the definite semantics
the group, or not cover the group at all, with both the positiveare
and the negative examples in this group being left out. Prior Satisfiability: alle € E~ are false inM™(B)
The Variable Precision Rough Set (VPRS) mold&arko, Posterior Satisfiability: alle € FE— are false in
1999 is a generalized model of rough sets that inherits all ba:\ ™ (B A H)
sic mathematical properties of the original rough set model. Prior Necessity: some € E* are false inM*(B)
Rough Set Theory assumes that the universe under considera-Posterior Sufficiency: at € E* are true inM* (B A H)
tion is known and all the conclusions derived from the model



The Sufficiency criterion is also known @empleteness has a carbon atom, negative example moledyleas an oxy-
with respect to positive evidence and the Posterior Satisfiagen atom, negative example molecdiehas a nitrogen atom,
bility criterion is also known asonsistencyvith the negative  and so on. The background knowledgehas only ground
evidence. facts, using the predicai@om, and so does not cover any

The special case of definite semantics, where evidence ®xample. It is seen that for al- ¢ E~, B If ¢7, and
restricted to true and false ground facts (examples), is calletbr somee™ € E*, B I/ e*. (Two conditions (i) and (ii)
the examplesetting. The example setting is thus the normalof an ILP system in the example setting hold.) Lt =
semantics withB and H as definite clauses ardas a set of  {p(dl),p(d2),p(d3)}. Thenforalle € E—, BAH /e,
ground unit clauses. The example setting is the main settingnd for alle™ € E*, BA H + e*. (Two conditions (iii) and
of ILP employed by the large majority of ILP systems. (iv) also hold.)

3 Formal definitions of the gRS—ILP model The following definitions of Rough Set ILP systems in the

The generic Rough Set Inductive Logic ProgramminggRS—ILP model (abbreviated &SILP systemsise the ter-
(gRS—-ILP) model introduces the basic definition of elemen-minology of[Muggleton and Raedt, 1994

tary sets and a rough setting in ILRSiromoney, 1997;

Siromoney and Inoue, 2002The essential feature of an el- Definition 3.2.  An RSILP system in the example setting
ementary set is that it consists of examples that cannot bgibbreviated as RSILP-E system) is an ILP system in the
distinguished from each other by any induced logic programexample settingS.; = (E.s, B), such that there does not
in that ILP system. The essential feature of a rough setting igxist a programP ¢ P(S,,) satisfying both the conditions
that it is inherently not possible for certain positive and neg-jii) and (iv) above.

ative examples to be distinguished, since both these positive

and negative examples are in the same elementary set. The

basic definitions formalised ifSiromoney and Inoue, 20D0  Definition 3.3. An RSILP—E system in the single—predicate

follow. learning context(abbreviated as RSILP-ES system) is an
The ILP system in the example setting[dfuggleton and  RSILP-E system, whoseiverseF is such that all examples
Raedt, 199%is formally defined as follows. (ground facts) inE use only one predicate, also known as the

target predicate
Definition 3.1. An ILP system in the example settirgya
tuple Ses = (F.s, B), where A declarative biagMuggleton and Raedt, 1994estricts
(1) E.s = EX, U E_, is theuniverse whereE; is the set of  the set of acceptable hypotheses, and is of two kisgistac-
positive examples (true ground facts), afd, is the set of tic bias (also calledanguage biasthat imposes restrictions
negative examples (false ground facts), and on the form (syntax) of clauses allowed in the hypothesis, and
(2) B is a background knowledge given as definite clausesemantic biashat imposes restrictions on the meaning, or the

such that (i) for alle™ € E_,, B t/ e~, and (ii) for some behaviour of hypotheses.
et € Ef,, Bifet.

Definition 3.4. An RSILP-ES system with declarative bias
Let S.s = (E.s, B) be an ILP system in the example set- (abbreviated as RSILP-ESD system) is a tuple: (S’, L),
ting. Then letH(S.s) (also written asH(E.s, B)) denote  where
the set of all possible definite clause hypotheses that cafi) S’ = (E, B) is an RSILP-ES system, and
be induced fromE.; and B, and be called théaypothesis (i) L is a declarative bias, which is any restriction imposed
spaceinduced fromS,; (or from E.; and B). Further, let  on the hypothesis spaé(E, B).
P(Ses) (also written asP(E.s,B) = {P = BAH | H € WealsowriteS = (E, B, L) instead ofS = (5’, L).
H(E.s, B)}) denote the set of all the programs induced from
E.s and B, and be called therogram spacenduced from
Ses (or from E,.; and B). For any RSILP—ESD syste$i= (E, B, L), let
The aim is to find a progran? € P(S.s) such that the H(S)={H € H(E,B) | H is allowed by L}, and
next two conditions hold: (iii) foralt~ € E_,, Pt/e ,(v) P(S)={P=BAH|H e H(5)}
foralle™ € Ef, PFet. H(S) (also written asH(FE, B, L)) is called thehypothesis
spaceinduced fromS (or from E, B, andL). P(S) (also
The following simple illustration is used to explain this written asP(E, B, L)) denotes the set of all the programs

definition. LetS = (F, B) whereE = ET U E~, induced bysS, and is called th@rogram spacénduced from

ET ={p(dl),p(d2),p(d3)}, S (or from E, B, andL).

E™ = {p(d4),p(d5), p(d6)} and

B = {atom(d1, ¢), atom(d2, ¢), atom(d3, o), atom(d4, o), It is seen in the illustration used earlier that the ILP sys-

atom(d5,n), atom(d6,n)}. Without loss of generality, only tem can exactly describe the set of positive examples, but
six examples are considereddl), p(d2), p(d3), p(d4), in a manner that is not very useful, since the hypothesis is

p(db), p(d6) in our universe of examples. The backgroundthe same as the positive example ground facts. If the terms
knowledgeB indicates that the positive example moleciéife  d1,...,d6 are not allowed ind, then withH = {p(A) —



atom(A,c)}, foralle~ € E-, BAH ¥ e=. However 4 Formal definitions of the VPRSILP model
o + + + si
%'i ]rgjorftrtésg’t)hgtglr a(lgeondeitifrj] (iii)]i(ﬁdg bFuteno,t iglﬁgi- The formal definitions of the VPRSILP model are defined in
tion (iv) )p ' : [Maheswarkt al., 20014.

: b A parameters, a real number in the randg8.5, 1], is used
\é\lllltgHe_Eip (%) /T Hatﬁ ?£A’ﬁé$éégriigtg$(tﬁjg )t%’iofror in the VPRS model as a threshold in elementary sets that have

ale- € E-, BAH i/ e, sinceB A H - p(d4) € E- both positive and negative examples. This threshold is used
(Condition (i\7/) holds. but not condition (iii).) ~ todecide if that elementary set can be classified as positive or
This is formalised in the definition of the RSILP—ESD sys- negative, depending on the statistical occurrence of positive

tem. LetS = (E, B, L) whereE and B are as given above, 2nd negative examplesin it.
andL is the declarative bias such thét, . . ., d6 is not a term
ing(...)forany H € H(S), anyC € H, and any predicate
q(...)eC

Definition 4.1. A Variable Precision RSILP-ESD sys-

tem (abbreviated as VPRSILP-ESD system) is a tuple
= (5, 8), where

An equivalence relation on the universe of an RSILP—ESD(') 5" = (E, B, L) is an RSILP-ESD system, and

. fined. (i) gis a real number in the range.5, 1.
system is now defined Itis also writtenS = (E, B, L, 3) instead ofS = (8, 8).

Definition 3.5. LetS = (F, B, L) be an RSILP-ESD sys-

tem. An indiscernibility relation of, denoted byR(S), is a _r , )
relation onZ defined as followsYz,y € E, (z,y) € R(S) The def|n|t|o_ns of hypothesis space, program space, equiv-
iff alence relation, elementary sets, composed sets and rough

(Praz e Py foranyP € P(S) (ie. iff 2 andy are setting defined above for RSILP-ESD systems hold for the

inherently indistinguishable by any induced logic progrem VPRSILP-ESD system.
in P(S5)).
() The following definitions use the VPRS terminology from

The following fact follows directly from the definition of [Anetal, 1997.

R(S5).
(5) ) ) Definition 4.2. Theconditional probabilityP(E* | [z] g(s))
Fact 1 For any RSILP-ESD systeff\ R(S) is an equiva- s defined as

lence relation.

+ P(E* Nlelrs)) _ | EY N[z]rs)) |
P(E™ | [2]r($)) = = P(Elunes) elns) |

Definition 3.6. LetS = (F,B,L) be an RSILP-ESD

system. Anelementary seof R(S) is an equivalence class  whereP(E* | [2] r(s)) is the probability of occurrence of
of the relationR(S). For eachr € E, let [z](s) denote the  ayentE+ conditioned on everit:] ps)-

elementary set aR(S) containingz. Formally,

[@]res) ={y € E| (z,y) € R(5)}. It is noted thatP(EJr | [#]res)) = 1 if and only if

A composed setf R(S5) is any finite union of elementary [, rs) C ET

sets ofR(S). P(ET ||z ]R(s ) > 0ifand only if [z] g5y N ET # 0
andP(EJr | [#]r(s)) = 0ifand only if [z] g5y N ET = 0.

Definition 3.7. An RSILP-ESD systen = (E, B, L) is - . . .
said to be in aough settingff y ( ) Definition 4.3.  The g—positive regionof S, Posg(S), is

Jet € B+ Jom € E- ( (o+,e-) € R(S) ). defined as
(( ) (5)) Posg(S) = UP(E+ | [z]res)) >= B, for all [¢]r(s) in R(S) {[z]res)}
It is seen fromE, B, and L in the illustration used The3-negative regiorf S, Negs(S), is defined as

earlier that R(S) = { (p(dl),p(d2)), (p(d2),p(d1)),  Negs(S) =Up(m+ | (a]nes)) < 8. for all [a]nes) n &(s) UZR(S)}
(p(d3), p(dd)), (p(d4), p(d3)), (p(d5), p(d6)),
(p(d6),p(d5)) }. . ,

The elementary sets di(.9) are Definition 4.4.  The [—restricted program spacef S,
{p(dl), p(d2)}, {p(d3), p(d4)}, {p(d5), p(d6)}. Ps(S) (also written asPs(E, B, L, 3)), is defined as

The composed sets &(.S) are P3(S)={P eP(S)| P+ x=x € Posg(S5)}.
{}, {p(d1), p(d2)}, ..., {p(d1), p(d2), p(d3), p(d4)}, ..., Any P € P3(S) is called a3-restricted program of.
{p(d1),p(d2), p(d3), p(d4), p(d5), p(d6)}.

Sisin a rough setting singg(d3) € E*, p(d4) € E~ and
(p(d3),p(d4)) € R(S5). Our aim is to find a hypothesiH such thatP = B A H €

Ps(S).

Other work in Rough Set Inductive Logic Programming
include [Midelfart and Komorowski, 2000; Liu and Zhong, The VPRSILP model has been applied in illustrative exper-
1999. iments to determine the transmembrane domains in amino



acid sequencdd/aheswarket al, 20014 and to analyse and 6 The VPRSILP model and application to
classify web log datBMaheswarkt al., 2001a; 200B Predictive Toxicology

In this section, the cVPRSILP approach based on the
] ) VPRSILP model is outlinedMilton et al, 2003. In the
5 The VPRSILP model and Stochastic Logic  cvPRSILP approach, elementary sets are defined using at-
Programs (SLP) tributes that are based on a finite number of clauses of inter-
est.

A clauseC is said to beange-restrictedf and only if every

variable in the head of C is found in the body of Cstachas-  Predictive Toxicology Evaluation

tic clauseis a pairp : C wherep in the interval[0, 1] is the

probability associated witl’, a range-restricted clause. A The rodent carcinogenicity tests conducted within the US
set of stochastic clause? is called aStochastic Logic Pro- National Toxicology Program by the National Institute of En-
gram (SLP) if and only if for each predicate symhgplin P vironmental Health Sciences (NIEHS). has resulted in a large
the probabilities associated with all clauses wiih the head database of compounds classified as carcinogens or other-
sum tol [Muggleton, 2000 Every example derived from an wise. The Predictive Toxicology Evaluation project of the
SLP has a probability associated with it. This is the produciNIEHS provided the opportunity to compare carcinogenicity
of the probabilities associated with every clause used in theredictions on previously untested chemicals. This presented
derivation of the example. a formidable challenge for programs concerned with knowl-

In a VPRSILP-ESD systeri — (E, B, L, 3), every ex-  €dge discovery. The ILP system ProgMuggleton, 1995
ample in E falls into one of the elementary sefs] xs). has been used in this Predictive Toxicology Evaluation Chal-

An elementary set in VPRSILP, by definition, consists of eX_Ienge[Srinivasaret al, 1997a; 1997h
amples that are indistinguishable by any logic prograthat

can be induced from the examplEsbackground knowledge Elementary Sets
B and declarative biag. Every elementary sét|gs) has

a conditional probability?(E* | [z] r(s)) associated with it~ In [Pawlak and Skowron, 1999wo finite, nonempty sets
depending on the statistical occurrence of positive and negd/ and A are considered, whel€ is the universe of objects,
tive examples in it. and A is a set of attributes. With every attributec A is

ssociated a séf, of its values, called the domain of

Hence every example in VPRSILP has a probability based The set of attributest determines a binary relatioR on

value associated with it, namely the conditional probability . D o2 : \
of the elementary set in which this example occurs. This |sU R is an indiscernibility relation, defined as followsz2y

donly ifa(z) = a(y) for everya € A; wherea(x) € V,
in some sense similar to the probability associated with arj1 an
example derived from a stochastic logic program. denotes the value of attributefor objectx. ObviouslyR is

an equivalence relation. Equivalence classes of the rel&tion
However, further study of the comparison between thesgyre referred to as elementary sets.
two models is required. In CVPRSILP, letA = {Ay,..., A;, ..} be the set of
attributes, withV, {true, false} for everya € A.
Every A; € Alis assouated with the clauses of interest
The following points are observed. Cli =1,...,imaz, SUuch thatd; = true if the example can
In VPRSILP, the conditional probability associated with an be denved fronC/ A B, andA; = false otherwise. In this
elementary set is based on the examples. In other words, th@ntext, it is seen that these attributes form an equivalence
conditional probablllty is obtained from the observed data. |nre|at|on
SLP, a probability is associated with each clause, probably
using domain knowledge.

In VPRSILP, a probability value is associated with the neg-

ative examples also. In SLP a probability value of 0 is as- E|ementary sets formed from the training examples fall

signed to an example that is rejected by the SLP. into either thes—positive or the3—negative region, depending
In VPRSILP, the conditional probability associated with anon the value of3.

elementary set uses both negative and positive examples in A test example is decided as being positive or negative,

that elementary set. In other words, the negative exampledepending on whether its elementary set is inghpositive

also play a role in determining the probability value. In SLP,or the f—negative region.

the probability value is associated with a clause, and so only

th(la examples that are derived (the positive examples) play Bxperimental illustration

role.

In VPRSILP, the conditional probabilities associated with  An illustrative experiment is performed using the
the elementary sets do not form a probability distribution. IncVPRSILP model. The dataset used is the Predictive Toxi-
SLP, the probabilities associated with each clause with theology Evaluation Challenge dataset found at
same head predicate form a probability distribution. http://web.comlab.ox.ac.uk/oucl/research/areas/machlearn/canc

Beta positive and beta negative regions



In this experimental illustration, two predicates and Strings.Computational Intelligengel7(3):460-471,
has _property  and atm with four properties and three August 2001.
atom types are considered. These have been heuriSticalh(/laheswariet al, 2003 V.
chosen based on visual inspection of clauses induced by . )
Progol. Further studies are in progress to arrive at a more
systematic choice.
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