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ABSTRACT

Advances in th&emantic Web technologies present unprecedented opportunities for exploiting
multiple related data sourcés discoveruseful knowledge in many application domaikige
haveprecisely formulated the problem of learning classifiers frorallection of several related
ontology extended data sourcewhich make explicit (the typically implicit) ontologies
associated with the data soes of interest, and have presented a solution to this probksn.
specific mappings betweea user ontologyand data source ontologies are used to answer
statistical queries that provide the sufficient statistics needed for leactasgifiers from

semantically heterogeneous data

INTRODUCTION

Recent advances in sensors, digital storage, computing and communications technologies
have led to a proliferation of autonomously operated, geographically distributedpzones
in virtually every area of human endeavor, includiAlgusiness and-eommerce, &cience, €
govermment, security informaticsEffective use of such data in practice (e.g., building useful
predictive models of consumer behavior, discovery ofofacthat contribute to 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 accessing and analyzing
data from multiple heterogeous sources.

The Semantic We enterprise (Berneilsee, Hendler, &Lassilag 2001) is aimed at
making the contents of the Web machine interpretable, so that heterogeneous data sources can be
used togetheData and resources on the Web are annotatedrddl Iby associating metata
that makeexplicit the ontological commitments of the data source providers or, in some cases,
the shared ontological commitments of a small community of users.

Given the autonomous nature of the data sources on the Weleatiddise purposes for
which the data are gathered, in the absence of a universal ontology it is inevitable that there is no
unique global interpretation of the data, that serves the needs of all users under all scenarios.
Many groups have attempted to dwp, with varying degrees of success, tools for flexible
integration and querying of data from semantically disparate sousdadsevy, Rajaraman&

Ordille, 2006;Noy, 2004; Doan, & Halevy, 200®Dou, & LePendy2006, as well as techniques

for learning ontologies Gimiang 2006; Cimiano, Blohm, & Stemle, 2007and discovering
semantic correspondences between ontologies to assist in this pré@Egygldu, &
Schalemmer 2005; Noy, & Stuckenschmidt, 20090, & Rahm, 2007). Suchadvances in
Semantic Web technologies present unprecedented opportunities for exploiting multiple related
data sources,aeh annotated with its own mdtta, in discovering useful knowleglgn many
application domains.

However, there has been relatively little work on machine learning approaches to
knowledge acquisition fromada sources annotated with neita that exposethe stucture

(schema) and semantics (ontology¥he purpose of tki chapter is to precisely define the



problem oflearning classifierdrom semantically heterogeneous datarcesand summarize

recent advances that havd e a solution to this problem.

BACKGROUND

Eckman R003), Calvanese, & De Giacomo (2005), Doan, &lély (2005) and Halevy,
Rajaraman, & Ordille (200&urvey alternative approaches to data integration, including-multi
database systems, mediator based approachesSuwath.efforts addressed, and to varying
degrees, solved the following problems in datagration: design of query languages and rules

for decomposing queries into sub queries and composing the answebgueries into answers

to the initial query through schema integratid#owever, neither of the existing data integration
systems currrgly support learning from semantically heterogeneous distributed data without first
assembling a single data set. While it is possible to retrievénthenecessary for learning from

a setof heterogeneous data sources, store the retrievedndatacd database, and then apply
standard (centralized) learning algorithms, such approach is not feasible when the amounts of
data involved are large, and bandwidth and memory are limited, or when the query capabilities
of the data sources are limited to prongl statistical summaries (e.g., counts of instances that
satisfy certain constraints on the values of their attributes) as opposed to data instances.

While there has been significant work on applying machine learning to problems such as
ontology construmon, information extraction from text and discovery of mappings between
ontologies (Kushmerick, Ciravegna, Doan, Knoblock, & Staab, 2005), there has been not much
work onlearning classifierdrom semantically heterogeneous dstarcesTherefore, solutins

to the problem of learning from semantically heterogeneous data sources are greatly needed.



MAIN FOCUS

The problem addressed is best illustrated by an example. Consider two academic
departments that independently collect information about their stu@égure 1). Suppose a
data setD; collected by the first department is organized in two talSlegent and Outcome,
linked by aPlaced-In relation usingD as the common key. Students are describe®by/ajor,
GPA, Ethnicity and Intern. Suppose a da setD, collected by the second department has a
Student table and &ratus table, linked byHas-Status relation usingSoc Sec as the common key
SupposeStudent in D is described by the attribut8sident ID, Field, Gender, Work-Experience
andGrade.

Consider a user, e.g., a university statistician, interested in constructing a predictive

model based on data from two departments of interest from his or her own perspective, where the

ID Outcome
D1 ID Major GPA Ethnicity Intern Placed-I
384 Grad Stud
325 ComS | 3.80 White Yes 725 Employed
673 Biol 3.50 Hispanic No
D2 | SocSec | Field | Gender Work Grade Has/-smus. Soc Sec Status
Exgorenon 564 Ph.D.
564 Math F No 3.30 832 Industry
832 Com$S M Yes 3.78
User Stud ID Major | Gender Ethnicity Grade Internship | Employment
Status
106 Com$S F Afr Amer 3.60 Yes Ph.D.
278 Math M Asian 3.73 No Industry
Figure 1: Student data collected by two departments from a statisticianO:s
perspective.

representative attributes a®udent ID, Major, Gender, Ethnicity, Grade, Internship and
Employment Status. For example, the statistician may want to construct a model that can be used
to infer whether a typical student (represented as in the entry correspondingtBigure 1) is

likely go on to get @&A4.D. This requres the ability to perform queries over the two data sources



associated with the departments of interest from the user's perspectivéd@ign of students
with internship experience that go onto Ph.D). However, because the structure (schema) ared dat
semantics of the data sources differ from the statisticianOs perspective, he must establish the
correspondences between the user attributes and the data source attributes.

In our framework each data source has associated with it a data source degception
the schema and ontology of the data source). We call the resulting data soutwesgy

extended data sources (OEDS). An OEDS is a tupl®={D,S,0}, whereD is the actual data set

in the data sources the data source schema andhe data sourcentology (Caragea, Zhang,
Bao, Pathak, & Honava2005). The formal semantics of OEDS are based on ontedotgnded

relational algebré&Bonatti, Deng& Subrahmanian2003).
A data set D is an instantiatiod(S) of a schema. Theitology O of an OEDSPD consists

of two parts:structure ontology, Os, that defines the semantics of the data source schema
(entities and attributes of entities that appear in data source sSheama content ontology, Oy,
that defines the semantics of the data instances (vahterelationships between values that the
attributes can take in instantiations of schefnaOf particular interest are ontologies that take
the form ofis-a hierarchiesand has-part hierarchies.For example, the values of ttfarus
attribute in data sa@ue D, are organized into ag-a hierarchy.

Because it is unrealistic to assume the existence of a single global ontology that
corresponds to a universally agreed upon set of ontological commitments for all users, our
framework allows each user or a commity of users to select the ontological commitments that

they deem useful in a specific contextuser’s view of data sources D, , Ds g Dh is specified by

user schemd,, user ontologyOy, together with a set of semantierrespondence constraints

IC, andthe associated set ofappings from the user schem$&; to the data source schemas



S....S, and from user ontologgy to the data source ontologi€s,E, O, (Caragea, Zhang,
Bao, Pathak, & HonavaR005. We consider the following types of semantic cep@ndence
constraintsx<y (x is semantically subsumed by y}y (x semantically subsumes w5y (x is
semantically equivalent tg), x#y (x is semantically incompatible with Wy (X is semantically
compatible with y).

Figure 2 shows examples of ontologies that take thenf of is-a hierarchies over attribute
values. Figure 3 shows some simple examples of usgecified semantic correspondence

constraints between the user perspective and the data s@drcesid 2, (respectively).

Let O,,...,0, be a set of ontologies a&sated with the data sources,...,D,, respectively, and

0
Placed-in

Oy Employment Status

Has-Status

rad Student Employed

(roomeal] (2] ve)

Grad School

Grad Student

Figure 2: Attribute value taxonomies (ontologiesy @nd Q associated with the attributes
Has-Status andPlaced-In in two data sources of interest, @ the ontology foEmployment
Status from the userOs perspective.

Py=(0y,IC) a user perspective with respect to

these ontologies. We say that the ontolog 00y %40)
ID:0,=Stud ID:Q,, SocSec:0,=Stud ID:0,,
0],...,0;/,, are integrable according to the use Major:0,=Major:0,, Field:0,=Major:0,,
. GPA:0,=Grade:0,, Grade:0,=Grade:0,,
ontology Oy in the presence of semant ' ‘
Ethnicity:0, =Ethnicity :0,,
correspondence comgints /C if there existn Gender:0,=Gender.0,,
o _ 3 Ethnicity:0,=Ethnicity :0,,
partial injective mappings? (Oy, 01),E, ¥ (Oy, Inter -0,=Intemship:0, Work-
_ Experience:0,=Internship:Q,,
0,) from O, ..., O,, respectively, t@y. Placed-In :0,=Employment- | Has-Status: O,=Employment-
Status:0, Status:0,,

Figure 3: An example of usespecified
semantic correspondences between the
ontology Q, and data source ontologies '
and Q (from Figure 2).




Problem Definition

Given a data seD, a hypothesis clasd, and a performance criterid, an algorithmL for
learning (from centralized datD) outputs a hypothesis € H that optimizesP. In pattern
classification applicationg; is a classifier (e.g., a decision tree, a support vector machine, etc.).
The dataD typically consists of a set of training examples. Each training example rslemead

tuple of attribute values, where one of the attributes corresponds to a class label and the
remaining attributes represent inputs to the classifier. The goal of learning is to produce a
hypothesis that optimizes the performance criterion (e.g. mzimg classification error on the

training data) and the complexity of the hypothesis.

In the case of semantically heterogeneous data sources, we assume the existence of:

1. A collection of several related OEDS2 1= { D;,S;,0;} ,D 2={ D3»,5,0},E, D =

{D.,S,,0,} for which schemas and ontologies are megplicit, and instances in the data
sources are labeled according to some criterion of interest to a user (e.g., employment
status).

2. A user view, consisting of a user ontolo@y and a set of mappings# } that relate the
user ontologyOy to the data source ontologi€s;,...,0,. The user view implicitly
specifies a user level of abstraction, corresponding to the leaf nodes of the hierarchies in
Oy. The mappings ¥} can be specified manually by a user ssmtautomatically
derived.

3. A hypothesis class/ (e.g., Bayesian classifiers) defined over @drance space
(implicitly specified by concepts, their properties, and the associated ontologies in the

domain of interest) and a performance critertofe.g.,accuracy on a classification task).



The problem of learning classifiers from a collection of related OEDSs can be simply formulated
as follows: under the assumptions-(3), the task of a learnéris to output a hypothesise H
that optimizes a critewn P, via the mappings¥; }.

We say that an algorithmis for learning from OEDSY, 7.0, via the mappings

{W} is exact relative to its centralized counterpart, if the hypothesis produced his
(federated approach) is identical to that obtained dfrom the data warehouse D constructed

by integrating the data sourcég, 7% ..7),, according to the user view, via the same mappings

{ ¥ } (data warehouse approach).
Theexactness criterion defined above assumes that it is possible, in principteeéte an
integrated data warehouse in the centralized setting. However, in practice, the data sources

D, D . D, might impose access constraidten a usel/. For example, data source constraints

might prohibit retrieval of raw data from some data sesr(e.g., due to query form access
limitations, memory or bandwidth limitations, privacy concerns) while allowing retrieval of
answers to statistical queries (e.g., count frequency queries).

Partially Specified Data

Consider the data source ontologigsandO, and the user ontolog9y shown inFigure 2. The

attribute Has-Status in data sourcé, is specified in greater detail (lower level of abstraction)

than the corresponding attribuBéaced-In is in D;. That is, data sourc®, carries information
aboutthe precise status of students after they graduate (specific advanced degree program e.g.,
Ph.D., M.S. that the student has been accepted into, or the type of employment that the student
has accepted) whereas data soubgemakes no distinctions betweehettypes of graduate
degrees or types of employment. We say thatSilmes of students in data souré® are only

partially specified (Zhang, Kang, Silvescu, & Honavar, 2008th respect to the ontology..



In such cases, answering statistical quefresn semantically heterogeneous data sources
requires the user to supply not only the mapping between the user ontology and the ontologies
associated with the data sources but al&titional assumptions of a statistical nature (e.g., that

grad program adits in D1 and D, can be modeled by the same underlying distribution). The
validity of the answer returned depends on the validity of the assumptions and the soundness of
the procedure that computes the answer based on the supplied assumptions.

Sufficient Statistics Based Solution

Our approach to the problem of learning classifiers from OEDSs is a natural extension of a
general strategy for transforming algorithms for learning classifiers from data in the form of a
single flat table (as is customary in tbase of a vast majority of standard machine learning
algorithms) into algorithms for learning classifiers from a collectiotkaizontal or vertical
fragments of the data, corresponding to partitions of rows or columns of the flat table, wherein
each fragnent corresponds to an ontology extended data source.

This strategy, inspired by (Kearns, 1998) involves a decomposition of a learning task into
two parts: atatistics gathering component, which retrieves the statistics needed by the learner
from the dstributed data sources, andhigpothesis refinement component, which uses the
statistics to refine a partially constructed hypothesistiisgawith an empty hypothesis).

In the case of learning classifiers from semantically disparate OEDSs, thecstatisti
gathering component has to specify the statistics needed for learningas against the user
view and assemble the answer to this query from OEDSs. This entails: decomposition of a posed
guery into sulueries that the individual data sources aagsweer; translation of the stdueries

to the data source ontologies, via wspecific mappings; query answering from (possibly)



partially specified data sources; composition of the partial answers into a final answer to the

initial query Figure 4).

User ()l]ll)]l)g_\ ()L Nli}p})il)ﬁ& 0 U —=>0i '

01 (D1,S1,01)
Learning Algorithm 1 )
v g QU Query
Statistical Query Query q Decomposition 02 (D2.52,02)
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Answer (D3.53.03)
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Figure 4: Learning classifiers from OEDSs

The resulting algorithms for learning from OEDSs arevably exact relative to their
centralized counterparts, for a family of learning classifiers for which the sufficient statistics take
the form of counts of instances satisfying certain constrainteeomalues of the attributes (e.qg.,
nasve Bayes, decision trees, etc.).

The efficiency of the proposed approach (relative to the centralized setting) depends on
the specifics of access constraints and query answering capabilities associated withithindiv
OEDSs. 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 conditions that can be selected by the
user. In order for Web data sources to serve éaelsrof communities of users interested in

building predictive models from the data (e.g., isceence and other emerging datdh



applications), it would be extremely useful to equip the data sources with statistical query

answering capabilities.

FUTURE TRENDS

Some interesting directions for future research include: exploring the effect of 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 mappunged, etc.

CONCLUSION

In this chapter, we have precisely formulated the problem of learning classifiers from a
collection of several related OEDSs, which makglicit (the typically implicit) ontologies
associated with the data soes of interest. We dve shownhow to exploit data soues
annotated with relevant mekaa in building predictive models (e.g., classifiers) from several
related OEDSs, without the need for a centralized data warehouse, while offering strong
guarantees okxactness of the leaned classifiers wrt the centralized traditional relational
learning counterparts. Usepecific mappings between the user ontology and data source
ontologies are used to answer statistical queries that provide the sufficient statistics needed for
learning classifiers from OEDSs.
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KEY TERMS AND THEIR DEFINITIONS

Ontology: Assumptions concerning tlodjectsthat exist in thevorld, thepropertiesor attributes
of the objectstelationshipdetween ofects, the possiblealuesof attributes, and theintended
meaning as well as thgranularityor level of abstractiomat which objects and their properties

are described.

Structure Ontology: Defines the semantics af data sourcechema (entities andtalbutes of

entities that appear in data source sch8na



Content Ontology: Definesthe semantics of the dasaurceinstances (values and relationships

between values that the attributes take in instantiations tife schema).

Ontology-Extended Data Sources: An OEDS consists of a data set (representing the

instantiation of a schema), a data source schema and a data source ontology.

User View: A user view of a set of OEDS is specified by a user schema, a user ontology and a
set of mapping from the esschema to the data sources schemas, and from the user ontology to
the data source ontologies.

Classification Task: A task for which the learner is given experience in the form of labeled
examples and leasrto classify new unlabeled examples. In a sifastion task, the output of

the learning algorithm is called hypothesis or classifier (e.g., a decision tree, a support vector
machine, etc.)

Sufficient Statistics: A statistic is called a sufficient statistic for a parameter if the statistic
captures th the information about the parameter, contained in the datstatistic is called a
sufficient statistic for learning a hypothesis using a particular learning algorithm applied to a
given data set, if there exists an algorithm that takes as inputsticiand outputs the desired
hypothesis.

Learning Task Decomposition: A learning algorithm can be demposed in two components: a
statistics gathering comporent that formulates and sends queries to a data sourcea and
hypothesis refinement component tht uses the result of the quety modify a partially
constructed algorithm output (and further invokes the information extraction component if
needed to generate the final algorithm output).

Learning from Semantically Heterogeneous Data: Given a set ofalated OEDS, a user view

(schema, ontology and mappings), a hypothesis class and a performance criterion, the task of the



learner is to outpu hypothesis that optimizes the performance criterion, via the user mappings.
Exact Learning: We say that an atgithm for learning from OEDS via a set of mappings is
exact relative to its centralized counterpart, if the hypothesis it produces is identical to that
produced by the centralized learning from the data warehouse constructed by integrating the

OEDS, viathe same set of mappings.



