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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.

1 Introduction
Recent advances in sensors, digital storage, computing and
communications technologies (world-wide web) have led to
a proliferation of autonomously operated, geographicallydis-
tributed data repositories in virtually every area of humanen-
deavor including e-business and e-commerce (targeted mar-
keting), e-science (bioinformatics, environmental informat-
ics), e-government, and security informatics. Effective use of
such data in practice (e.g., building useful predictive models
of consumer behavior, discovery of factors that contributeto
large climatic changes, analysis of demographic factors that
contribute to global poverty, analysis of social networks,or
even finding out what makes a book a bestseller) requires ac-
cessing and analyzing data from multiple sources. The Se-
mantic Web enterprise[Berners-Leeet al., 2001] is aimed
at making the contents of the Web machine interpretable.

Data and resources on the Web are annotated and linked
by associating meta data that makeexplicit, 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 interpretationof
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 query-
ing of data from semantically disparate sources[Levy, 2000;
Noy, 2004; Doan and Halevy, 2005; Calvaneseet al., 2005],
as well as techniques for discovering semantic correspon-
dences between ontologies to assist in the process[Kalfoglou
and Schorlemmer, 2005; Noy and Stuckenschmidt, 2005].
These and related advances in Semantic Web technologies
present unprecedented opportunities for exploiting multiple,
related data sources, each annotated with its own meta data,in
discovering useful knowledge in many application domains.

While there has been significant work on applying ma-
chine learning to ontology construction, information extrac-
tion from text, and discovery of mappings between ontolo-
gies[Kushmericket al., 2005], 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 referenceto
a particular ontology), on the Semantic Web. However, there
is a large body of literature on distributed learning (see[Kar-
gupta and Chan, 2000] for a survey). Furthermore, recent
work e.g.,[Zhanget al., 2005; Hothoet al., 2003] has shown
that use of meta data, in the form of ontologies (class hier-
archies, attribute value hierarchies), in addition to data, can
improve the quality (accuracy, interpretability) of the learned
predictive models.

Against this background, we note that a large class of data
sources on the Semantic Web can be viewed (at a certain level
of abstraction) as a collection of semantically disparate rela-
tional data sources that are semantically related, from a user’s
point of view, in the context of a specific knowledge acquisi-
tion task. The problem of learning classifiers from a seman-
tically homogeneous relational database has received much
attention in the recent machine learning literature[Getooret
al., 2001; Nevilleet al., 2003]. In this paper, we extend such



approaches to learn classifiers from multiple semanticallydis-
parate, geographically distributed, relational data sources on
the Semantic Web.

The rest of the paper is organized as follows: In Section
2, we present the problem formulation, and describe a gen-
eral strategy for transforming algorithms for learning classi-
fiers from relational data into algorithms for learning classi-
fiers from semantically disparate, relational data sources, us-
ing ontologies and mappings between ontologies, in a setting
where it is neither feasible nor desirable to integrate all the
data available into a single relational data warehouse. We
show that the resulting classifiers can be guaranteed (under
fairly general assumptions) to be identical to those obtained
from a centralized, integrated relational data warehouse con-
structed from a specified collection of distributed relational
data sources and associated ontologies and mappings. In Sec-
tion 3, we illustrate this strategy in the case of Relational
Bayesian Classifiers[Neville et al., 2003]. We conclude with
a summary and a brief discussion of related work and some
future research directions.

2 Learning Classifiers from a Set of
Semantically Heterogeneous Relational
Data Sources

2.1 Ontology-Extended Data Sources and User
Views

We define anontology-extended relational data source
(OERDS) as a tupleD = {D,S,O}, whereD is the ac-
tual data set in the data source,S represents the data source
schema andO represents the data source ontology[Bonattiet
al., 2003; Carageaet al., 2005].

In the relational model, each data source consists of a set of
conceptsX1, · · · , Xn and a set ofpropertiesof these concepts
P1, · · · , Pm. Each concept has associated with it, a set of
attributesdenoted byA(Xi) and a set ofk-aryrelations(k >
1) denoted byR(Xi). Each attributeAi takes values in a
setV(Ai). The concepts and the properties of the concepts
(attributes and relations) define theschemaof a relational data
source. Adata setD is an instantiationI(S) of a schemaS
[Getooret al., 2001].

The ontologyO of an OERDSD consists of two parts:
structure ontology,OS , that defines the semantics of the data
source schema (concepts and properties of the concepts that
appear in data source schemaS); andcontent ontology, OI ,
that defines the semantics of the content of data (values and
relationships between values that the attributes can take in in-
stantiations of schemaS). Isa relationships induceschema
concept hierarchies(SCHs) over subsets of concepts in a
schema andattribute value hierarchies(AVHs) over values
of attributes (AVHs can be seen as defining atype hierar-
chy over the corresponding attributes). Thus, an ontology
O can be decomposed into a set of schema concept hierar-
chies{C1, · · · , Cr} and a set of attribute value hierarchies
{T1, · · · , Tl}, with respect to theisa relationship. Acut (or
level of abstraction) through an SCH or AVH induces a parti-
tion of the set of leaves in that hierarchy. Aglobal cutthrough
an ontology consists of a set of cuts, one for each constituent
hierarchy.

On the Semantic Web, it is unrealistic to assume the exis-
tence of a single global ontology that corresponds to a uni-
versally agreed upon set of ontological commitments for all
users. Instead, it is much more realistic to allow each user or
a community of users to choose the ontological commitments
that they deem useful in a specific context. Auser ontology
OU , together with a set ofinteroperation constraintsIC, and
the associated set ofmappings{ψi|i = 1, p} from the user
ontologyOU to the data source ontologiesO1 · · ·Op define
a user view[Carageaet al., 2005]. In the relational setting
considered in this paper, the interoperation constraints can be
equality constraints or inclusion constraints and can be de-
fined at the concept level (between related concepts), prop-
erty level (between related attributes or relations) and atthe
attribute value level (between related attribute values).

2.2 Ontology-Extended Bibliographic Data
Sources

We will use an example from the bibliography domain to
illustrate the main notions introduced above. Consider the
problem of classifying computer science research papers into
categories from a topic hierarchy (e.g., Artificial Intelligence,
Networking, Data Mining, Relational Data Mining, etc.)
[McCallum et al., 2000]. A user interested in a document
classification task, might consider using several data sources,
such as MIT Libraries (http://libraries.mit.edu/index.html),
INRIA Reference Database (http://ontoweb.org/), etc., for
learning classifiers. The Ontology Alignment Evalua-
tion Initiative (OAEI) has made available a Test Library
(http://oaei.inrialpes.fr/2005/benchmarks/) that contains rep-
resentative ontologies for the data sources above. In this case,
the structure ontologies define the relevant concepts, suchas
Reference, Book, Article, Journal, Conference,
etc.) and properties of the concepts such asArticle au-
thorAuthor; Article citesArticle; Author position;
Article journal Journal, etc. The properties in these
ontologies include both attributes (e.g.,position) and binary
relations (e.g.,author).

Figure 1 shows a small fragment of the schema ontology
corresponding to a user view of a reference data source, us-
ing standard entity-relationship (ER) notation. Figure 2 iden-
tifies fragments of the SCHs associated with related subsetsof
concepts in INRIA, MIT and user schema ontologies. Figure
3 shows concept level interoperation constraints (equality =
and inclusion<) between the user SCH and the MIT and IN-
RIA SCHs:x = y means thatx andy areequivalent, x < y
means thaty subsumesx, i.e.,y is more generalthanx.

Assuming that a conceptAuthor has an attribute called
position, this attribute can be described using an AVH as
shown in Figure 4. The set{faculty, research staff, engi-
neer, student} represents a cutΓ through this hierarchy. The
set{tenured, assistant professor, research staff, engineer, stu-
dent} is a refinement of the cutΓ.

2.3 Problem Formulation
We assume the existence of

(1) A collection of several related OERDSs
D1={D1, S1, O1},· · ·,Dp={Dp, Sp, Op} for which:



pages

journal

authorisa

isa

Journal

Person

periodicity publisher

name position age affiliation

name 

InProceedings Article

cites

wordstopic? volume

PartBook

Misc

Reference

creator

title 

date

...

...
title 

Figure 1: Small fragment of the schema ontology correspond-
ing to a user view, using standard ER notation (rectangles
represent concepts; circles represent attributes; triangles and
diamonds representisa or arbitrary relationships among con-
cepts, respectively).
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Figure 3: Interoperation constraints from the user to the MIT
and INRIA SCHs.
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Figure 4: AVH associated with the attributepositionof the
conceptAuthor. The set{faculty, research staff, engineer,
student} represents a cutΓ through this hierarchy. The set
{tenured, assistant professor, research staff, engineer, stu-
dent} is a refinement of the cutΓ.

the schemas and the ontologies are madeexplicit; 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 ontologyOU and a set
of mappingsψk that relate the user ontology to the data
source ontologiesO1, · · · , Op. The user view implic-
itly specifies a user level of abstraction, corresponding
to the leaf nodes of the hierarchies inOU . The map-
pingsψk can be specified manually by a user or semi-
automatically derived.

(3) A hypothesis classH (e.g., Bayesian classifiers) defined
over aninstance space(implicitly specified by the con-
cepts, their properties, and the associated ontologies in
the domain of interest) and a performance criterionP
(e.g., accuracy on a classification task).

The problem of learning classifiers from a collection of re-
lated OERDSs can be simply formulated as follows:under
the assumptions (1)-(3), the task of a learnerL is to output a
hypothesish ∈ H that optimizesP , via the mappings{ψk}.
As in [Carageaet al., 2005], we say that an algorithmLs for
learning from OERDSsD1, · · · ,Dp, via the mappings{ψk},
is exactrelative to its centralized counterpartLc, if the hy-
pothesis produced byLs (federated approach) is identical to
that obtained byLc from the data warehouseD constructed
by integrating the data sourcesD1, · · · ,Dp, according to the
user view, via the same mappingsψi (data warehouse ap-
proach).

The exactnesscriterion defined above assumes that it is
possible, in principle, to create an integrated data warehouse
in the centralized setting. However, in practice, the data
sourcesD1, · · · ,Dp might impose access constraintsZ on
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 answers
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), integration
of OERDSs via mappings can result in data that is only par-
tially specified. This can take the form ofpartially specified
schemas(when schema concepts are partially specified) and
partially specified attributes(when attribute values are par-
tially specified).

The conceptBook in the MIT hierarchy is under-specified
(higher level of abstraction) with respect to (wrt) the con-
ceptMonograph in the user hierarchy, since aBook may
be aMonograph or aProceedings. On the other hand,
a Monography in the INRIA hierarchy is fully specified
(same level of abstraction) wrt aMonograph in the user hi-
erarchy. Furthermore, anArticle in the INRIA hierarchy
is over-specified (lower level of abstraction) wrt aPart in
the user hierarchy, as anyArticle is aPart (of a journal).
We say that: a schema conceptXi in an SCHC is partially
specified(or under-specified) wrt a schema conceptXj in an



equivalent SCHC′ if Xi > Xj; Xi is over-specifiedwrt Xj

if Xi < Xj; Xi is fully specifiedwrt Xj if Xi = Xj.
The attributegrad is under-specified wrtPh.D., since a

grad may be aPh.D. or a M.S., but over-specified wrtstu-
dent as everygrad is a student. Furthermore,freshmanis
fully specified wrt1st year. We say that: an attribute value
vi ∈ V(A) is partially specified(or under-specified) wrt an
attribute valuevj ∈ V(A′) if vi > vj ; vi is over-specifiedwrt
vj if vi > vj ; vi is fully-specifiedwrt vj if vi = vj .

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 values[Zhanget al.,
2005], and hence it is possible to adapt statistical approaches
for dealing with missing data[Little and Rubin, 2002] to deal
with partially specified dataunder appropriate assumptions,
(e.g., that the distribution of an under-specified attribute value
is similar to that in a data source where the corresponding at-
tribute is fully specified). Partially specified concepts pose
additional challenges. Some approaches to handling partially
specified concepts are: ignore a concept that becomes under-
specified in a schema; or alternatively, use only the attributes
that a concept inherits from its parents, while the rest (e.g., at-
tributes specific to that concept that are not inherited fromthe
parent) are treated as missing in all instances of the concept
in that data source.

2.5 Sufficient Statistics Based Solution
Our approach to the problem of learning classifiers from
OERDSs is a natural extension of a general strategy for trans-
forming algorithms for learning classifiers from data in the
form of a single flat table (as is customary in the case of a vast
majority of standard machine learning algorithms) into algo-
rithms for learning classifiers from a collection ofhorizontal
or vertical fragments of the data, corresponding to partitions
of rows or columns of the flat table, wherein each fragment
corresponds to an ontology extended data source. This strat-
egy, inspired by[Kearns, 1998] involves a decomposition of a
learning task into two parts: astatistics gatheringcomponent,
which retrieves the statistics needed by the learner from the
distributed data sources, and ahypothesis refinementcompo-
nent, which uses the statistics to refine a partially constructed
hypothesis (starting with an empty hypothesis)[Carageaet
al., 2005].

In the case of learning classifiers from semantically dis-
parate OERDSs, the statistics gathering component has to
specify the statistics needed for learning as aqueryagainst
the user view and assemble the answer to this query from
OERDSs. This entails: decomposition of a posed query into
sub-queries that the individual data sources can answer; trans-
lation of the sub-queries to the data source ontologies, via
user-specific mappings; query answering from (possibly) par-
tially specified data sources; composition of the partial an-
swers into a final answer to the initial query (Figure 5).

3 Illustration of the Proposed Approach
The strategy outlined in the previous section can be used to
design algorithms that are exact relative to their centralized
(integrated data warehouse) counterparts for learning naive
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Figure 5: Learning classifiers from OERDSs

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

3.1 Relational Bayesian Classifiers (RBCs)

In contrast to the single flat table structure assumed by the
vast majority of machine learning algorithms, data sources
on the Semantic Web are better modeled by relational data
sources, where each instance can have a different number
of related objects, and therefore, a different number offea-
tures[Neville et al., 2003]. Figure 6 (a) shows a sample re-
lational graph corresponding to the conceptArticle in the
relational reference domain. Note that eachArticle can
have a variable number ofAuthors. A relational graph can
be transformed into a table with a fix number of attributes,
where each attributeAi will have amultisetof valuesVi, like
in Figure 6 (b). Under the naive Bayes assumption that the
attributes are independent given the class, methods for es-
timating probabilities involving multisets (such asp(Vi|cj))
and ways to use them for inference are needed.
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Figure 6: (a) Graph corresponding to a relational schema (b)
Relational data decomposed by (multiset) attributes.

Two different approaches for estimating such probabilities
and three different approaches to inference are described in
[Neville et al., 2003]:

• Average Value (AVGVAL): To estimate probabili-
ties, data is flattened by averaging, i.e., each mul-
tiset is replaced with the average value (continuous
attributes) or mode value (discrete attributes). In
this case, the most probable class is:cMAP (x) =

argmax
cj∈C

p(cj)
∏

i

p(mode(Vi)|cj).



• Independent Value (INDVAL): To estimate probabil-
ities, data is flattened by assuming that each value
in a multiset is independent of the others. Anin-
stance is created for each value in the multiset. In
this case, the most probable class is:cMAP (x) =

argmax
cj∈C

p(cj)
∏

i

∏

vk∈Vi

p(vk|cj).

• Average Probability (AVGPROB): As in the case of
INDVAL, data is flattened by assuming that each value
in a multiset is independent of the others. However,
in the case of AVGPROB, the most probable class is:

cMAP (x) = argmax
cj∈C

p(cj)
∏

i

∑
vk∈Vi

p(vk|cj)

|Vi|
.

3.2 Learning RBC from OERDS
We observe that the task of any of the RBCs above reduces
to estimating the probabilitiesp(cj) andp(vi|cj), for all class
labelscj ∈ C and for all attribute valuesvi ∈ V(Ai). These
probabilities can be estimated from data using standard meth-
ods[Mitchell, 1997]. The resulting estimates constitute suffi-
cient statistics for the parameters that specify an RBC.

Now, we return to the task of constructing an RBC from
a set of OERDSsD1, · · · ,Dp, from a user’s view under the
assumptions (1)-(3) in the Problem Formulation section. We
decompose the learning task into sufficient statistics gather-
ing and hypothesis refinement components, thereby reducing
the problem of learning RBCs from OERDSs to the prob-
lem of answering queries for the relevant statistics (e.g.,fre-
quency counts) against the user’s view of the set of available
OERDSs.

We denote byσ(vi|cj) the frequency count of the valuevi

of the attributeAi given the class labelcj , and byσ(cj) the
frequency count of the class labelcj , in the user view. The
algorithm for learning an RBC from a set of related OERDSs
works as follows:

• Select a global user cutΓ through the user ontology
(both SCHs and AVHs). In particular, the user cut can
correspond to the set of primitive values (i.e., leaves in
the hierarchies), as in the case of the traditional RBCs.

• Apply the mappings{ψk} to find a cutΓk, correspond-
ing to the user cutΓ, in each data sourceDk.

• Formulate statistical queries asking for relative fre-
quency countsσ(vi|cj) andσ(cj), using terms in the
user cutΓ.

• Translate these queries to queries expressed in the on-
tology of each data sourceDk, using terms in the data
source cutΓk, and compute the local countsσk(vi|cj)
andσk(cj) from each OERDSDk.

• Send the local counts to the user and add them up to
compute the global frequency countsσ(vi|cj) andσ(cj).

• Generate the RBChΓ corresponding to the cutΓ based
on the global frequency counts.

Note that if the cutΓ corresponds to the primitive concepts
and values in the user hierarchies, the resulting RBC isex-
act with respect to the traditional RBC obtained, in princi-

ple, by integrating all the OERDSsD1, · · · ,Dp into a cen-
tral data warehouseD (using the same set of mappings{ψk}
and the same assumptions for dealing with partially spec-
ified concepts and attribute values). This is true because
σ(vi|cj) =

∑k
i=1

σk(vi|cj) = σD(vi|cj) when there is no
overlap between the distributed data sources. However, con-
struction of such an integrated centralized data warehouse
might require violation of data source access constraints (Z),
and hence a learning strategy relying on a centralized data
warehouse may be unimplementable in practice. In contrast,
the approach presented in this paper makes it possible to ob-
tain the same classifier, as obtainable from an integrated cen-
tralized data warehouse, while circumventing the need for
such a warehouse.

4 Discussion and Future Work
In this paper, we have precisely formulated the problem
of learning classifiers from a collection of several related
OERDSs, which makeexplicit (the typically implicit) ontolo-
gies associated with the data sources of interest. User-specific
mappings between the user ontology and data source ontolo-
gies are used to answer statistical queries that provide thesuf-
ficient statistics needed for learning classifiers from OERDSs.

These mappings can be specified by the user or obtained
semi-automatically[Kalfoglou and Schorlemmer, 2005] us-
ing the user’s preferred method for finding mappings between
the user ontologyOU and data source ontologiesO1, · · · , Op.
The quality of the classifier in our setting, very likely, depends
on the quality of the mappings, just as the quality of a clas-
sical classifier depends on the quality of the data (i.e., noisy
data or imprecise mappings may result in very poor classi-
fiers). In many application domains (e.g., bioinformatics),
community-driven efforts are underway to develop carefully
curated mappings between ontologies of interest. The cost
of such efforts may be justified in some application domains,
whereas automatically derived mappings may be adequate in
other domains. It should be noted that even manually de-
rived mappings are often application, user, or context spe-
cific. Thus, users may have different views of the domain
and, hence, may want to use different mappings.

The proposed algorithms for learning from OERDSs are
provably exactrelative to their centralized counterparts, for a
family of learning classifiers for which the sufficient statistics
take the form of counts of instances satisfying certain con-
straints on the values of the attributes. We have illustrated the
proposed approach in the case of learning RBCs from several
related OERDSs. The proposed approach generalizes to other
learning algorithms (e.g., decision trees, Relational Bayesian
Networks).

The algorithm presented here assumes a prespecified level
of abstraction defined by the user-supplied global cut through
the user ontology. This algorithm could be improved further,
if we consider a top down, iterative approach to refining the
user cut (see Figure 4), starting with the most abstract cuts
through each hierarchy in the user ontology until an “opti-
mal cut” and, thus, an optimal level of abstraction is identi-
fied for the learning task at hand. This strategy is similar to
that adopted in[Zhanget al., 2005] in learning naive Bayes



classifiers from a single flat table, in the presence of attribute
value taxonomies and partially specified data. Such an ap-
proach, in addition to trading off the complexity of the clas-
sifier against accuracy on training data (with choice of more
abstract cuts through hierarchies that make up the user ontol-
ogy yieldingsimpler classifiers), offers a defensive strategy
in the presence of partially specified data: the more abstract
the cut through user ontology, the lower the chances of en-
countering partially specified data during learning.

The efficiency of the proposed approach (relative to the
centralized setting) depends on the specifics of access con-
straints and query answering capabilities associated withthe
individual OERDSs. At present, many data sources on the
Web offer query interfaces that can only be used to retrieve
small subsets of the data that match a limited set of condi-
tions that can be selected by the user. In order for Web data
sources to serve the needs of communities of users interested
in building predictive models from the data (e.g., in e-science,
and other emerging data-rich applications), it would be ex-
tremely useful to equip the data sources with statistical query
answering capabilities.

In summary, we have demonstrated, under fairly general
assumptions, how to exploit data sources annotated with rele-
vant meta data in building predictive models (e.g., classifiers)
from several related OERDSs, without the need for a cen-
tralized data warehouse, while offering strong guaranteesof
exactnessof the learned classifiers wrt the centralized tradi-
tional relational learning counterparts. Some interesting di-
rections for future research include: exploring the effectof
using different ontologies and mappings, use of the proposed
framework to evaluate mappings, study of the quality of the
classifier with respect to the set of mappings used, etc.
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