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Abstract

With the advent of the Semantic Web, there is
an increased availability of meta data (ontologies)
that make explicit the semantic commitments as-
sociated with data and an urgent need for machine
learning algorithms for building predictive models
from such data. Usually, there is no unique global
interpretation of data from semantically disparate,
autonomous sources. Furthermore, it is neither fea-
sible nor desirable to integrate data from sources on
the Semantic Web in a centralized data warehouse.
In this paper, we formulate the problem of learning
classifiers from a set of related, semantically het-
erogeneous data sources on the Semantic Web from
a user’s point of view. We describe a general strat-
egy for transforming algorithms for learning classi-
fiers from data into algorithms for learning classi-
fiers from a set of semantically heterogeneous dis-
tributed data sources. We apply this strategy to the
task of learning relational Bayesian classifiers from
a collection of such data sources. The proposed ap-
proach can be generalized to other relational learn-
ing algorithms. Our results provide some of the es-
sential elements of approaches for acquiring useful
knowledge from information sources that are be-
coming available on the Semantic Web.

Introduction

Data and resources on the Web are annotated and linked
by associating meta data that madeplicit, the ontologi-

cal commitments of the data source providers or in some
cases, the shared ontological commitments of a small com-
munity of users. Given the autonomous nature of the data
sources on the Web, and the diverse purposes for which the
data are gathered, in the absence of a universal ontology, it
is inevitable that there is no unique global interpretatién

the data that serves the needs of all users under all scenar-
ios. Many groups have attempted to develop, with varying
degrees of success, tools for flexible integration and gquery
ing of data from semantically disparate sourfesvy, 2000;

Noy, 2004; Doan and Halevy, 2005; Calvaneseal., 2009,

as well as techniques for discovering semantic correspon-
dences between ontologies to assist in the prdé&sfoglou

and Schorlemmer, 2005; Noy and Stuckenschmidt, 005
These and related advances in Semantic Web technologies
present unprecedented opportunities for exploiting rmlgti
related data sources, each annotated with its own metadata,
discovering useful knowledge in many application domains.

While there has been significant work on applying ma-
chine learning to ontology construction, information extr
tion from text, and discovery of mappings between ontolo-
gies[Kushmericket al., 2009, there has been relatively little
work on machine learning approaches to knowledge acqui-
sition from data sources, each annotated with meta data that
exposes the structure (schema) and semantics (in refe@nce
a particular ontology), on the Semantic Web. However, there
is a large body of literature on distributed learning (B¢ar-

Recent advances in sensors, digital storage, computing arf¥'pta and Chan, 200dor a survey). Furthermore, recent
communications technologies (world-wide web) have led tovork e.g.[Zhanget al, 2005; Hothcet al, 2003 has shown
a proliferation of autonomously operated, geographiaifly
tributed data repositories in virtually every area of hurean ¢ 3 - i
deavor including e-business and e-commerce (targeted mdfprove the quality (accuracy, interpretability) of theleed
keting), e-science (bioinformatics, environmental infiat-
ics), e-government, and security informatics. Effectige of
such data in practice (e.g., building useful predictive gled sources on the Semantic Web can be viewed (at a certain level
of consumer behavior, discovery of factors that contribate of abstraction) as a collection of semantically disparata-r
large climatic changes, analysis of demographic factas th tional data sources that are semantically related, fronegaus

contribute to global poverty, analysis of social networtxs,

that use of meta data, in the form of ontologies (class hier-
archies, attribute value hierarchies), in addition to dagm

predictive models.
Against this background, we note that a large class of data

point of view, in the context of a specific knowledge acquisi-

even finding out what makes a book a bestseller) requires ation task. The problem of learning classifiers from a seman-

cessing and analyzing data from multiple sources. The Sdically homogeneous relational database has received much
mantic Web enterprisEBerners-Leeet al, 2001 is aimed
at making the contents of the Web machine interpretableal., 2001; Nevilleet al,, 2003. In this paper, we extend such

attention in the recent machine learning literatiGetooret



approachesto learn classifiers from multiple semantictidly On the Semantic Web, it is unrealistic to assume the exis-
parate, geographically distributed, relational data sesion  tence of a single global ontology that corresponds to a uni-
the Semantic Web. versally agreed upon set of ontological commitments for all
The rest of the paper is organized as follows: In Sectiorusers. Instead, it is much more realistic to allow each user o
2, we present the problem formulation, and describe a gera community of users to choose the ontological commitments
eral strategy for transforming algorithms for learningssia  that they deem useful in a specific contextusger ontology
fiers from relational data into algorithms for learning silas Oy, together with a set ahteroperation constraintsC', and
fiers from semantically disparate, relational data soynegs the associated set ofiappings{«;|¢ = 1,p} from the user
ing ontologies and mappings between ontologies, in a gettinontology Oy to the data source ontologi€s - - - O, define
where it is neither feasible nor desirable to integratetadl t a user view[Caragezet al, 2005. In the relational setting
data available into a single relational data warehouse. Weonsidered in this paper, the interoperation constraarse
show that the resulting classifiers can be guaranteed (undeguality constraints or inclusion constraints and can be de
fairly general assumptions) to be identical to those oletin fined at the concept level (between related concepts), prop-
from a centralized, integrated relational data warehoose ¢ erty level (between related attributes or relations) anthat
structed from a specified collection of distributed relatib  attribute value level (between related attribute values).
data sources and associated ontologies and mappings.-In Sec
tion 3, we illustrate this strategy in the case of Relational2.2 Ontology-Extended Bibliographic Data
Bayesian Classifief\eville et al., 2003. We conclude with Sources

a summary and a brief discussion of related work and SOMBe will use an example from the bibliography domain to

future research directions. illustrate the main notions introduced above. Consider the
. - problem of classifying computer science research pap&s in
2 '—eam'”_g Classifiers from a Set of . categories from a topic hierarchy (e.g., Artificial Intgéince,
Semantically Heterogeneous Relational Networking, Data Mining, Relational Data Mining, etc.)
Data Sources [McCallumet al, 2004. A user interested in a document
classification task, might consider using several datacgs,Ir
2.1 Qntology-Extended Data Sources and User such as MIT Libraries (http:/libraries.mit.edu/indetxi),
Views INRIA Reference Database (http://ontoweb.org/), etcr, fo
We define anontology-extended relational data source |earning classifiers. The Ontology Alignment Evalua-
(OERDS) as a tuple® = {D,S,0}, whereD is the ac-  tjon Initiative (OAEI) has made available a Test Library
tual data set in the data sourcerepresents the data source (http://oaei.inrialpes.fr/2005/benchmarks/) that edims rep-
schema and represents the data source ontolpBgnattiet  resentative ontologies for the data sources above. Indisis, c
al., 2003; Carageat al,, 200§. the structure ontologies define the relevant concepts, asich
In the relational model, each data source consists of a set ¢fef er ence, Book, Arti cl e, Jour nal , Conf er ence,
concepts\y, - - -, X, and a set opropertiesof these concepts etc.) and properties of the concepts suchhasi cl e au-
Py, .-+, Py. Each concept has associated with it, a set okhorAut hor ; Arti cl ecitesArti cl e; Aut hor position
attributesdenoted byA(.X;) and a set ok-aryrelations(k > Arti cl e journal Jour nal , etc. The properties in these
1) denoted byR(X;). Each attributed; takes values in a ontologies include both attributes (e.pasitior) and binary
setV(A;). The concepts and the properties of the conceptselations (e.g.authon).
(attributes and relations) define thehemaf a relational data Figure 1 shows a small fragment of the schema ontology
source. Adata setD is an instantiatiorf (S) of a schema&  corresponding to a user view of a reference data source, us-
[Getooret al,, 2001. _ ing standard entity-relationship (ER) notation. Figurelén-
The ontology O of an OERDSD consists of two parts: tifies fragments of the SCHs associated with related sub§ets
structure ontologyOs, that defines the semantics of the dataconcepts in INRIA, MIT and user schema ontologies. Figure
source schema (concepts and properties of the concepts theishows concept level interoperation constraints (equalit

appear in data source scheisia andcontent ontologyO;,  and inclusion<) between the user SCH and the MIT and IN-
that defines the semantics of the content of data (values anjA SCHs: z = y means that andy areequivalentz < y

relationShipS between values that the attributes can taike i means tha:y subsumes, i_e.’y is more generathanx_

stantiations of schems&). Isa relationships inducechema Assuming that a concegut hor has an attribute called
concept hierarchieSCHs) over subsets of concepts in aposition this attribute can be described using an AVH as
schema andttribute value hierarchiegAVHs) over values  shown in Figure 4. The seffaculty, research staff, engi-
of attributes (AVHs can be seen as definingype hierar-  neer, studerjtrepresents a cut through this hierarchy. The

chy over the corresponding attributes). Thus, an ontolog¥et{tenured, assistant professor, research staff, engineer, s
O can be decomposed into a set of schema concept hiergjeng is a refinement of the ciit.

chies{C1,---,C.} and a set of attribute value hierarchies

{Ty,---,T;}, with respect to thésarelationship. Acut(or 2.3 Problem Formulation
level of abstractiopthrough an SCH or AVH induces a parti-
tion of the set of leaves in that hierarchyghobal cutthrough
an ontology consists of a set of cuts, one for each constituen(1) A  collection of several related OERDSs
hierarchy. D1={D1, 51,01}, - Dpy={D,, Sp,0,} for which:

We assume the existence of
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the schemas and the ontologies are mexigicit the
instances in the data sources are labeled according
to some criterion of interest to a user (e.g., topic
categories).

(2) A user view, consisting of a user ontolo@y; and a set
of mappingsy; that relate the user ontology to the data
source ontologie®);, ---,0,. The user view implic-
itly specifies a user level of abstraction, corresponding
to the leaf nodes of the hierarchies@h,. The map-
pingsvy can be specified manually by a user or semi-

automatically derived.

Figure 1: Small fragment of the schema ontology correspond-
ing to a user view, using standard ER notation (rectangles(3)
represent concepts; circles represent attributes; tearand
diamonds represeiga or arbitrary relationships among con-

A hypothesis clas# (e.g., Bayesian classifiers) defined
over aninstance spacé@mplicitly specified by the con-
cepts, their properties, and the associated ontologies in

cepts, respectively).

INRIA
-

USER
\

&

AN

Figure 2: Small fragments of the SCHs corresponding to IN-
RIA and MIT data sources and to a user, using standard E

notation (with attributes being omitted to avoid cluttgriie
figure). The sef{Book, M sc, Part } determines a cut

in the user hierarchy. Similar cuts are showed for MIT and

INRIA SCHs.

USER->MIT USER->INRIA

Reference=Entry

Book=Book
Monograph=Monography
Proceedings=Proceedings
Misc=Misc

Part=Part

Article=Article
InProceedings=InProceedingg

Reference=Entry
Book=Book
Monograph<Book
Proceedings=Proceedings
Misc=Misc

Part<Entry

Article=Article
InProceedings=InProceedings

Figure 3: Interoperation constraints from the user to th& Ml
and INRIA SCHs.

Figure 4: AVH associated with the attribupe@sition of the

conceptAuthor. The set{faculty, research staff, engineer,
studen} represents a cut through this hierarchy. The set
{tenured, assistant professor, research staff, enging¢er, s

dent is a refinement of the cut.

InProceedingg

the domain of interest) and a performance criteridn
(e.g., accuracy on a classification task).

The problem of learning classifiers from a collection of re-
lated OERDSs can be simply formulated as followsider

ook [Proceedings aric| the assumptions (1)-(3), the task of a learrieis to output a

hypothesis: € H that optimizesP, via the mapping$y }.
As in [Carageat al,, 2009, we say that an algorithi, for
learning from OERDS®;, - - -, D,, via the mapping$y },

is exactrelative to its centralized counterpatt, if the hy-
pothesis produced bg, (federated approach) is identical to
that obtained byC. from the data warehouse constructed

by integrating the data sourc@x, - - -, D,, according to the
ser view, via the same mappings (data warehouse ap-
roach).

The exactnesgriterion defined above assumes that it is
possible, in principle, to create an integrated data warsfo

in the centralized setting. However, in practice, the data
sourcesDy, - - -, D, might impose access constrairfson
a userU. For example, data source constraints might pro-
hibit retrieval of raw data from some data sources (e.g., due
to query form access limitations, memory or bandwidth limi-
tations, privacy concerns) while allowing retrieval of eness
to statistical queries (e.g., count frequency queries).

2.4 Partially Specified Data

Because different data sources might specify data at differ
ent levels of abstraction (relative to a user’s view), insign

of OERDSSs via mappings can result in data that is only par-
tially specified. This can take the form pértially specified
schemagwhen schema concepts are partially specified) and
partially specified attributegwhen attribute values are par-
tially specified).

The concepBook in the MIT hierarchy is under-specified
(higher level of abstraction) with respect to (wrt) the con-
ceptMbnogr aph in the user hierarchy, sinceBook may
be aMonogr aph or aPr oceedi ngs. On the other hand,

a Monogr aphy in the INRIA hierarchy is fully specified
(same level of abstraction) wrtNbnogr aph in the user hi-
erarchy. Furthermore, afv ti cl e in the INRIA hierarchy
is over-specified (lower level of abstraction) wrPart in
the user hierarchy, as ady ti cl eisaPart (of ajournal).
We say that: a schema concéeptin an SCHC is partially
specifiedor under-specifiepwrt a schema concepf; in an



equivalent SCH™" if X; > X; X; is over-specifieavrt X

if X; < Xj; X, isfully specifiedvrt X; if X; = X;. I I

The attributegrad is under-specified wrPh.D, since a ot ousiol
grad may be aPh.D.or aM.S, but over-specified wrstu- Learning Algorithm e s
dentas everygrad is a student Furthermore freshmanis rstcal Que Query P | e o b252.02
fully specified wrtlst year We say that: an attribute value Formulation ¢ qoz'

v; € V(A) is partially s/pecifiedor under-specifiedwrt an " 0353.08)
attribute valuey; € V(A’) if v; > v;; v; is over-specifiedvrt Hypothesis _‘m_ composiion | | 4 a3
vj if v; > vj; vijis fuIIy-specifiedNrJt vj if v; = v;. Seneraton =) };
Note that the problem of partially specified data (when at-
tributes are partially specified) can be seen as a generaliza ) ) .
tion of the problem of missing attribute valugghanget al., Figure 5: Learning classifiers from OERDSs
2004, and hence it is possible to adapt statistical approaches
for dealing with missing datiLittle and Rubin, 200Pto deal
with partially specified datander appropriate assumptions
(e.g., that the distribution of an under-specified attetlue
is similar to that in a data source where the corresponding a
tribute is fully specified). Partially specified conceptseo
additional challenges. Some approaches to handling [hartia
specified concepts are: ignore a concept that becomes und
specified in a schema, or alternatively, use only the atie#bu
that a concept inherits fromits parents, while the rest (atg  In contrast to the single flat table structure assumed by the
tributes specific to that concept that are not inherited filoen  vast majority of machine learning algorithms, data sources
parent) are treated as missing in all instances of the cancepn the Semantic Web are better modeled by relational data

Bayes classifiers, decision trees, Bayesian networks, etc.
from OERDSs (note that the sufficient statistics for such al-
orithms are frequency counts). For simplicity, we will use
elational Bayesian Classifieifdeville et al., 2003 to illus-
trate this strategy.

%1 Relational Bayesian Classifiers (RBCs)

in that data source. sources, where each instance can have a different number
o o _ of related objects, and therefore, a different numbefieaf
2.5 Sufficient Statistics Based Solution tures[Neville et al, 2003. Figure 6 (a) shows a sample re-

Our approach to the problem of learning classifiers from@tional graph corresponding to the concépt i cl e in the
OERDS:s is a natural extension of a general strategy for-’tranie'at'onal reference domain. Note that edutti cl e can
forming algorithms for learning classifiers from data in the Nave @ variable number éut hor s. A relational graph can
form of a single flat table (as is customary in the case of a vad?€ transformed into a table with a fix number of attributes,
majority of standard machine learning aigorithms) intcoalg yvhe.re each attributd,; will havg amultisetof valuesy;», like
rithms for learning classifiers from a collectionludrizontal N Figure 6 (b). Under the naive Bayes assumption that the
or vertical fragments of the data, corresponding to partitions@itributes are independent given the class, methods for es-
of rows or columns of the flat table, wherein each fragmenfimating probabilities involving multisets (such agVi|c;))
corresponds to an ontology extended data source. This strtnd Ways to use them for inference are needed.
egy, inspired byKearns, 199Binvolves a decomposition of a

learning task into two parts:siatistics gatheringomponent, name: authort | o worae oo ool auorhantrormae
which retrieves the statistics needed by the learner frem th____ igjofpf/ 2
distributed data sources, andhgpothesis refinemenbmpo- 1ot i {22:22;21';"’{assi5‘am,‘{5;332””))
nent, which uses the statistics to refine a partially coogdi person2...Jassistant, * "

name: author2 J
position:
age: 30 I

DB |list2 Data

Canice
hypothesis (starting with an empty hypothegiGprageaet —
al., 2003. -
In the case of learning classifiers from semantically dis- @ ®)

parate OERDSSs, the statistics gathering component has to

specify the statistics needed for learning aguegryagainst  Figure 6: (a) Graph corresponding to a relational schema (b)
the user view and assemble the answer to this query frorRelational data decomposed by (multiset) attributes.
OERDSs. This entails: decomposition of a posed query into

sub-queries that the individual data sources can ansvaess-tr Two different approaches for estimating such probabiitie

lation of the sub-queries to the data source ontologies, vigng three different approaches to inference are described i
user-specific mappings; query answering from (possiblg) pa [Neville et al,, 2003:

tially specified data sources; composition of the partial an

swers into a final answer to the initial query (Figure 5). e Average Value (AVGVAL): To estimate probabili-
ties, data is flattened by averaging, i.e., each mul-

: tiset is replaced with the average value (continuous
3 lllustration of the Proposed Approach attributes) or mode value (discrete attributes). In
The strategy outlined in the previous section can be used to  this case, the most probable class igi;ap(x) =
design algorithms that are exact relative to their cereali argmavp(c;) Hp(mode(%)|cj).

(integrated data warehouse) counterparts for learningenai c; €C ;



¢ Independent Value (INDVAL): To estimate probabil- ple, by integrating all the OERDSB;, - - -, D,, into a cen-
ities, data is flattened by assuming that each valueral data warehousP (using the same set of mappings. }
in a multiset is independent of the others. Am and the same assumptions for dealing with partially spec-
stanceis created for each value in the multiset. In ified concepts and attribute values). This is true because

this case, the most probable class isizap(z) = o(vile;) = Zlegk(w|cj) = oP(vs]¢;) when there is no
argmaxp(c;) H H p(vk|cj). overlap between the distributed data sources. Howevet, con
¢ €0 i eV struction of such an integrated centralized data warehouse

« Average Probability (AVGPROB): As in the case of might require violat.ion of data source access constrgﬂ)ts(
INDVAL, data is flattened by assuming that each valueand hence a learning strategy relying on a centralized data

in a multiset is independent of the others HOWeverwarehouse may be unimplementable in practice. In contrast,

in the case of AVGPROB, the most probable class is:'€ aPProach presented in this paper makes it possible to ob-

' > (vgle;) tain the same classifier, as obtainable from an integrated ce

evap(z) = argmaxp(c;) H Lp’” tralized data warehouse, while circumventing the need for
;€C

» Vil such a warehouse.

c
3

3.2 Leamning RBC from OERDS 4 Discussion and Future Work
We observe that the task of any of the RBCs above reduces

to estimating the probabilitiegc;) andp(v;|c,), forall class 1N this paper, we have precisely formulated the problem
labelsc; e C and for all attribute values; € V(4;). These of learning c!aSS|f|ers frqn_’n a colleptlon _of seyeral related
probabilities can be estimated from data using standard-met O©ERDSs, which makexplicit(the typically implicit) ontolo-
ods[Mitchell, 1997. The resulting estimates constitute suffi- 9i€S associated with the data sources of interest. Useffspe
cient statistics for the parameters that specify an RBC. mappings between the user ontology and data source ontolo-
Now, we return to the task of constructing an RBC from 9i€s are used to answer statistical queries that providathe
a set of OERDS®,, - - -, D,, from a user's view under the ficient statistics needed for learning classifiers from OBS8D
assumptions (1)-(3) in the Problem Formulation section. We These mappings can be specified by the user or obtained
decompose the learning task into sufficient statisticsegath Semi-automaticallyKalfoglou and Schorlemmer, 20D8s-
ing and hypothesis refinement components, thereby reducid%g the user’s preferred method for finding mappings between
the problem of learning RBCs from OERDSs to the prob-the user ontology);; and data source ontologi€s, - - -, Op.
lem of answering queries for the relevant statistics (ég-, 1 ne quality of the classifier in our setting, very likely, eeyls
guency counts) against the user’s view of the set of availablon the quality of the mappings, just as the quality of a clas-
OERDSSs. sical classifier depends on the quality of the data (i.esynoi
We denote bys(v;]c;) the frequency count of the valug ~ data or imprecise mappings may result in very poor classi-
of the attributed, given the class label;, and byo(c;) the ~ fiers). In many application domains (e.g., bioinformatics)
frequency count of the class lahg|, in the user view. The community-driven efforts are underway to develop cargfull

algorithm for learning an RBC from a set of related OERDSsCUrated mappings between ontologies of interest. The cost
works as follows: of such efforts may be justified in some application domains,

whereas automatically derived mappings may be adequate in
* Select a global user cut through the user ontology giher domains. It should be noted that even manually de-
(both SCHs and AVHs). In particular, the user cut canyeq mappings are often application, user, or context spe-
correspond to the set of primitive values (i.e., leaves ingific ' Thys, users may have different views of the domain
the hierarchies), as in the case of the traditional RBCs. and, hence: may want to use different mappings.
e Apply the mappingg vy} to find a cutl';, correspond- The proposed algorithms for learning from OERDSs are
ing to the user cul, in each data sour®;. provably exactelative to their centralized counterparts, for a
o Formulate statistical queries asking for relative fre-family ofleaming classifiers for which the sufficient stits
quency countsr(v;|c;) ando(c;), using terms in the take_ the form of counts of instances satlsfylng_certaln con-
user cufr. straints on the values of the attributes. We have illustrttte
] ] ] proposed approach in the case of learning RBCs from several
o Translate these queries to queries expressed in the oRglated OERDSs. The proposed approach generalizes to other
tology of each data sourc®;, using terms in the data |earning algorithms (e.g., decision trees, RelationaleBin
source cufl', and compute the local counts (v;|c;) Networks).

ando* (¢;) from each OERD®. The algorithm presented here assumes a prespecified level

e Send the local counts to the user and add them up t6f abstraction defined by the user-supplied global cut tiinou
compute the global frequency counts); |c;) ando (c; ). the user ontology. This algorithm could be improved further

. if we consider a top down, iterative approach to refining the
o Generate the RBGr corresponding to the clitbased ,qer oyt (see Figure 4), starting with the most abstract cuts
on the global frequency counts.

through each hierarchy in the user ontology until an “opti-
Note that if the cut” corresponds to the primitive concepts mal cut” and, thus, an optimal level of abstraction is identi

and values in the user hierarchies, the resulting RB&xis fied for the learning task at hand. This strategy is similar to

act with respect to the traditional RBC obtained, in princi- that adopted ifZhanget al., 2003 in learning naive Bayes



classifiers from a single flat table, in the presence of aiteib Survey. Al Magazine, Special Issue on Semantic Integra-
value taxonomies and partially specified data. Such an ap- tion, 26(1):83—-94, 2005.

proach, in addition to trading off the complexity of the clas [Getooret al, 2004 L. Getoor, N. Friedman, D. Koller, and
sifier against accuracy on training data (with choice of moré — a “prefer. Learning probabilistic relational models. In
abstract cuts through hierarchies that make up the usekFonto g peroski and Eds. N. Lavrac editoRelational Data

ogy vieldingsimpler classifiers), offers a defensive strategy Mining. Springer-Verlag, 2001.
in the presence of partially specified data: the more alistra ’
the cut through user ontology, the lower the chances of e,iHothoet al, 2003 A. Hotho, Steffen Staab, and Gerd
countering partially specified data during learning. Stumme. Ontologies improve text document clustering. In
The efficiency of the proposed approach (relative to the Proceedlngs_ of The Third IEEE International Conference
centralized setting) depends on the specifics of access con- ©n Data Mining 2003.
straints and query answering capabilities associatedtivith [Kalfoglou and Schorlemmer, 20D%annis Kalfoglou and
individual OERDSs. At present, many data sources on the Marco Schorlemmer. Ontology mapping: The state of the
Web offer query interfaces that can only be used to retrieve art. InDagstuhl Seminar Proceedings: Semantic Interop-
small subsets of the data that match a limited set of condi- erability and IntegrationDagstuhl, Germany, 2005.
tions that can be selected by the user._l'n order for Web da argupta and Chan, 20D0(H. Kargupta and P. ChanAd-
e e e e ofcomunites o sers Sest ances n Disribuied and Parallel Knowedge Discovery
and other emerging data-rich applications), it would be ex- ' ' o ) ]
tremely useful to equip the data sources with statisticargu  [Kearns, 199B M. Kearns. Efficient noise-tolerant learning
answering capabilities. from statistical queriesJournal of the ACM45(6):983—
In summary, we have demonstrated, under fairly general 1006, 1998.

assumptions, how to exploit data sources annotated with rel [Kushmericket al, 2009 Nicholas Kushmerick, Fabio

vant meta data in building predictive models (e.g., cla=sfi Ciravegna, AnHai Doan, Craig Knoblock, and Steffen
from several related OERDSs, without the need for a cen- Staab, editors. Proceedings of Dagstuhl Seminar on
tralized data warehouse, while offering strong guarantées  Machine Learning for the Semantic W&®05.

exactnes®f the learned classifiers wrt the centralized tradi-[LeV 2000 A. Levy. Logic-based techniques in data inte-
tional relational learning counterparts. Some intergstn y,t' InLoai {) 3 ificial intell qn 575
rections for future research include: exploring the efiafct ggiSIOKnIQV\?erOAgc%d:;Ei}c gubli(;ﬁers ezo%% Gepages A
using different ontologies and mappings, use of the prapose ' ' '

framework to evaluate mappings, study of the quality of thelLittle and Rubin, 200R Roderick J. A. Little and Donald B.

classifier with respect to the set of mappings used, etc. Rubin. Statistical Analysis with Missing Data Wiley,
2002.
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