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1.3 Learning from Semantically Heterogeneous Data

In order to extend our approach to learning from distributed data (which
assumes a common ontology that is shared by all of the data sources) into
effective algorithms for learning classifiers from semantically heterogeneous
distributed data, techniques need to be developed for answering the statistical
queries posed by the learner in terms of the learner’s ontology O from the
heterogeneous data sources (where each data source Di has an associated
ontology Oi). Thus, we have to solve a variant of the problem of integrated
access to distributed data repositories - the data integration problem [49, 17]
in order to be able to use machine learning approaches to acquire knowledge
from semantically heterogeneous data.

This problem is best illustrated by an example (Figure 1.3). Consider two

FIGURE 1.3: Student data collected by two departments from a statistician’s
perspective.

academic departments that independently collect information about their stu-
dents. Suppose a data set D1 collected by the first department is organized
in two tables: Student, and Outcome, linked by a Placed-In Relation using
ID as the common key. Students are described by ID, Major, GPA, Ethnicity
and Intern. Suppose a data set D2 collected by the second department has
a Student table and a Status table, linked by Has-Status relation using Soc
Sec as the common key. Suppose Student in D2 is described by the attributes
SocSec, Field, Gender, Work-Experience and Grade.

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 representative attributes are Student ID,



Towards Semantics-Enabled Infrastructure for Knowledge Acquisition from Distributed Data 9

Major, Gender, Ethnicity, and 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 corresponding to
DU in Figure 1.3) is likely go on to get a Ph.D. This requires the ability to
perform queries over the two data sources associated with the departments of
interest from the user’s perspective (e.g., fraction of students with internship
experience that go onto Ph.D). However, because the structure (schema) and
data semantics of the data sources differ from the statistician’s perspective,
he/she must establish the correspondences between the attributes of the data
and the values that make up their domains.

We adopt a federated, query-centric approach to answering statistical queries
from semantically heterogeneous data sources, based on ontology-extended re-
lational algebra [12]. Specifically, we associate explicit ontologies with data
sources to obtain ontology extended relational data sources (OERDS). An
OERDS is a tuple D = {D,S, O}, where D is the actual data set in the data
source, S the data source schema and O the data source ontology [19, 20].

A relational data set D is an instantiation I(S) of a schema S. The ontology
O of an OERDS D 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 schema S); and content ontology, OI , that defines
the semantics of the data instances (values and relationships between values
that the attributes can take in instantiations of schema S). Of particular
interest are ontologies that take the form of is-a hierarchies and has-part hier-
archies. For example, the values of the Status attribute in data source D2 are
organized in an is-a hierarchy. A user’s view of data sources D1, D2, · · · , Dn is
specified by user schema SU , user ontology OU , together with a set of semantic
constraints IC, and the associated set of mappings from the user schema SU

to the data source schemas S1, · · · , Sn and from user ontology OU to the data
source ontologies O1, · · · , On [20]. Figure 1.4 shows examples of ontologies
that take the form of is-a hierarchies over attribute values. Figure 1.5 shows
some simple examples of user-specified semantic constraints between the user
perspective and the data sources D1 and D2, respectively.

How can we answer a statistical query in a setting in which autonomous data
sources differ in terms of the levels of abstraction at which data are described?
For example: Consider the data source ontologies O1 and O2 and the user
ontology OU shown in Figure 1.4. The attribute Status in data source D2 is
specified in greater detail (lower level of abstraction) than the corresponding
attribute Outcome is in D1. That is, data source D2 carries information about
the 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 source D1 makes
no distinctions between the types of graduate degrees or types of employment.
Suppose we want to answer the query: What fraction of the students in the two
data sources got into a Ph.D. program? Answering this query is complicated
by the fact that the Outcome of students in data source D1 are only partially



10Towards Semantics-Enabled Infrastructure for Knowledge Acquisition from Distributed Data

FIGURE 1.4: Attribute value taxonomies (ontologies) O1 and O2 associated
with the attributes Outcome and Status in two data sources of interest. OU

is the ontology for Employment Status from the user’s perspective.

FIGURE 1.5: An example of user-specified semantic correspondences between
the user ontology OU and data source ontologies.
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specified [74, 75, 76] with respect to the ontology OU . Consequently, we can
never know the precise fraction of students that got into a Ph.D. program
based on the information available in the two data sources. In such cases,
answering statistical queries from semantically heterogeneous data sources
requires the user to supply not only the mapping between the ontology and
the ontologies associated with the data sources but also additional assumptions
of a statistical nature (e.g., that grad program admits in D1 and D2 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.

Given a means of answering statistical queries from semantically heteroge-
neous data, we can devise a general framework for learning predictive models
from such data (See Figure 1.6). Based on this framework, we have imple-

FIGURE 1.6: General Framework for learning classifiers from semantically
heterogeneous distributed data.

mented a prototype of an intelligent data understanding system (INDUS) that
supports: execution of statistical queries against semantically heterogeneous
ontology extended data sources, and the construction of predictive models
(e.g., classifiers) from such data sources (See Figure 1.7). More precisely, IN-
DUS system enables a user with some familiarity with the relevant data to
query multiple data sources from his or her own point of view by selecting data
sources of interest, specifying the user perspective and the necessary mappings
all without having to write any code. Queries posed by the user are sent to a
query-answering engine (QAE) that automatically decomposes the user query
qU expressed in terms of the user ontology OU into queries q1, · · · , qn that can
be answered by the individual data sources. QAE combines the answers to
individual queries (after applying the necessary mappings) to generate the an-
swer for the user query qU . The soundness of the data integration process (rel-
ative to a set of user-specified mappings between ontologies) follows from the
soundness of the query decomposition procedure, the correctness of the behav-
ior of the query answering engines associated with the individual data sources,
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and the answer composition procedure [20, 23]. The current implementation

FIGURE 1.7: The INDUS System

of INDUS (http://www.cild.iastate.edu/software/indus.html) which has been
released under Gnu public license includes support for:

• Import and reuse of selected fragments of existing ontologies and editing
of ontologies. We have more recently developed semantic importing
mechanism (based on a formalization of localized semantics) [5, 6, 4].

• Specification of semantic correspondences between a user ontology OU

and data source ontologies [19]. Semantic correspondences between on-
tologies can be defined at two levels: schema level (between attributes
that define data source schemas) and attribute level (between values
of attributes). Implementation of an efficient reasoning algorithm for
verifying the consistency of subsumption and equivalence relationships
[7].

• Registration of a new ontology-extended data source using a data-source
editor for defining the schema of the data source, location, data source
ontology, and data source constraints (Z).

• Specification and execution of queries across multiple semantically het-
erogeneous, distributed data sources. Each user can choose relevant data
sources from a list of data sources that have been previously registered
with INDUS and specify a user perspective (by selecting a user schema
and user ontology from a list of available options or defining new ones if
needed). The user can map between user perspective and data sources
by choosing from existing mappings (or defining new mappings).

• Storage and further manipulation of results of queries. The results
returned by a user query can be temporarily stored in a local rela-



Towards Semantics-Enabled Infrastructure for Knowledge Acquisition from Distributed Data 13

tional database. This in effect, represents a materialized relational view
(modulo the mappings between user and data source specific ontologies)
across distributed, heterogeneous (and not necessarily relational) data
repositories.

In summary, INDUS offers the basic functionality necessary to flexibly inte-
grate information from multiple heterogeneous data sources and structure the
results according to a user-supplied ontology.

1.3.1 Related Work on Data Integration

Hull [42], Davidson et al. [25], Eckman [32], Calvanese and De Giacomo
[17], Doan and Halevy [27], Halevy et al. [38] survey alternative approaches
to data integration. These include multi-database systems [62, 8, 14], and
mediator based approaches [70, 34, 24, 2, 45, 50, 48, 31]. Tomasic et al. [67]
proposed an approach to scaling up access to heterogeneous data sources.
Haas et al. [37, 36] investigated optimization of queries across heterogeneous
data sources. Rodriguez-Martinez and Roussoloulos [61] proposed a code ship-
ping approach to design an extensible middleware system for distributed data
sources. Lambrecht et al. [46] proposed a planning framework for gathering
information from distributed sources. Lenzerini [47], Dou et al. [30], Cali et
al. [16], Calvanese et al. [17, 18] have developed logic-based approaches to
data integration. Bonatti et al. [12] proposed ontology-extended relational
algebra for integrating relational data sources. These efforts addressed, and to
varying degrees, solved the following problems in data integration: design of
query languages and rules for decomposing queries into sub queries and com-
posing the answers to sub queries into answers to the initial query through
schema integration. Maluf and Wiederhold [52] proposed an ontology alge-
bra for merging of ontologies. Others have explored approaches to mapping
between schema [15, 51, 59] and discovering or learning mappings [26, 28].
The design of INDUS [60, 20, 23, 22] was necessitated by the lack of publicly
available open source data integration platforms that could be used as a ba-
sis for learning classifiers from semantically heterogeneous distributed data.
The INDUS approach to data integration draws on logic-based approaches to
ontology-based schema integration and ontology-based relational algebra for
bridging gaps in data semantics. To the best of our knowledge, INDUS is one
of the few systems that support bridging of semantic gaps in both schema and
data semantics.

1.4 Summary

The research summarized in this paper has led to:
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(a) The development of a general theoretical framework for learning pre-
dictive models (e.g., classifiers) from large, physically distributed data
sources where it is neither desirable nor feasible to gather all of the
data in a centralized location for analysis [21]. This framework offers a
general recipe for the design of algorithms for learning from distributed
data that are provably exact with respect to their centralized coun-
terparts (in the sense that the model constructed from a collection of
physically distributed data sets is provably identical to that obtained in
the setting where the learning algorithm has access to the entire data
set). A key feature of this framework is the clear separation of con-
cerns between hypothesis construction and extraction and refinement of
sufficient statistics needed by the learning algorithm from data which re-
duces the problem of learning from data to a problem of decomposing a
query for sufficient statistics across multiple data sources and combining
the answers returned by the data sources to obtain the answer for the
original query. This work has resulted in the identification of sufficient
statistics for a large family of learning algorithms including in particu-
lar, algorithms for learning decision trees [21], neural networks, support
vector machines and Bayesian networks, and consequently, provably ex-
act algorithms for learning the corresponding classifiers from distributed
data [23].

(b) The development of theoretically sound yet practical variants of a large
class of algorithms [21, 23] for learning predictive models (classifiers)
from distributed data sources under a variety of assumptions (motivated
by practical applications) concerning the nature of data fragmentation,
and the query capabilities and operations permitted by the data sources
(e.g., execution of user supplied procedures), and precise characteri-
zation of the complexity (computation, memory, and communication
requirements) of the resulting algorithms relative to their centralized
counterparts.

(c) The development of a theoretically sound approach to formulation and
execution of statistical queries across semantically heterogeneous data
sources [20]. This work has demonstrated how to use semantic cor-
respondences and mappings specified by users from a set of terms and
relationships among terms (user ontology) to terms and relations in data
source specific ontologies to construct a sound procedure for answering
queries for sufficient statistics needed for learning classifiers from seman-
tically heterogeneous data. An important component of this work has
to do with the development of statistically sound approaches to learning
classifiers from partially specified data resulting from data described at
different levels of abstraction across different data sources [74, 75, 76].

(d) The development of INDUS, a modular, extensible, open-source software
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toolkit1 for data-driven knowledge acquisition from large, distributed,
autonomous, semantically heterogeneous data sources [22, 20].

(e) Applications of the resulting approaches to computational biology ap-
plications involving exploration of protein sequence-structure-function
relationships [22]. Examples include: construction of classifiers for as-
signing proteins to functional families [69, 1] and for sequence-based
prediction of protein-protein [71, 72], protein-DNA [73], and protein-
RNA [65, 64] interfaces.

Work in progress is aimed at

(a) Design, implementation, and evaluation of scalable algorithms with prov-
able performance guarantees (in terms of accuracy of results, band-
width and computational efforts), relative to their centralized counter-
parts, for learning predictive models from distributed, semantically het-
erogeneous, alternately structured data, including in particular, multi-
relational data, sequence data, network data (e.g., 3-dimensional molec-
ular structures, social networks, macromolecular interaction networks),
multi-modal data (e.g., text, images) sources under a variety of con-
straints on the operations supported by the data sources (queries for
data, constraints on the types of queries allowed, queries for statistics,
execution of user-supplied code at the data source).

(b) Systematic experimental analysis of the resulting algorithms on both
real-world and synthetic datasets as a function of the characteristics of
data sources (complexity of data source schema, ontologies, and map-
pings; data source query and processing capabilities, size of the data
sets, prevalence of partially missing attribute values as a consequence
of integration of data described at multiple levels of granularity), er-
rors or inconsistencies in semantic interoperation constraints and map-
pings; characteristics of the algorithms (e.g., types of statistics needed
for learning), and performance criteria (quality of results produced rela-
tive to the centralized counterparts, computational resource, bandwidth,
and storage usage); and different sets of data source access, processing,
bandwidth constraints captured by alternative cost models.

(c) Investigation of ontology and inter-ontology mapping languages, includ-
ing in particular, distributed and modular ontology languages, including
distributed discription logics [13], E-connections [56], and package-based
description logics [4] to support selective integration of ontologies in
open environments (e.g., the world-wide web).

The resulting algorithms and software for information integration and dis-
tributed data mining will not only advance the state of the art in machine

1http://www.cild.iastate.edu/software/indus.html
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learning but also extend the range of applications of machine learning in
emerging data-rich domains e.g., bioinformatics, security informatics, mate-
rials informatics, and social informatics. These technical advances, together
with a distributed testbed for experimenting with the resulting algorithms,
will contribute to the development of critical elements of the cyberinfrastruc-
ture for e-science [3, 40, 41].
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