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Abstract. There is an urgent need for sound approaches to integrativeal-
laborative analysis of large, autonomous (and hence,tatgdyisemantically het-
erogeneous) data sources in several increasingly ddtapiglication domains.
In this paper, we precisely formulate and solve the probléleasning classifiers
from such data sources, in a setting where each data sousca higrarchical
ontology associated with it and semantic correspondenetsgelen data source
ontologies and a user ontology are supplied. The proposecagh yields al-
gorithms for learning a broad class of classifiers (inclgdgdayesian networks,
decision trees, etc.) from semantically heterogeneoushiised data with strong
performance guarantees relative to their centralized teoparts. We illustrate
the application of the proposed approach in the case ofiteaidaive Bayes
classifiers from distributed, ontology-extended data cesir

1 Introduction

The availability of large amounts of data in many applicatitomains has resulted in
unprecedented opportunities for data driven knowledgeodisry. However, the mas-
sive size, the distributed nature of the data sources andéekigability of semantic dif-
ferences between independently managed data reposipoeigant significant hurdles
in our ability to fully exploit such data sources in knowleddjscovery. The Semantic
Web enterprise [1] is aimed at supporting seamless and Reaitcess and use of se-
mantically heterogeneous data sources by associatingdatdge.g., ontologies) with
data available in many application domains. The work dbscrin this paper is aimed
at the development of algorithms for learning concise amtiiate classifiers from se-
mantically heterogeneous, distributed data sets for egidins in which integration of
data from multiple sources into a centralized repositonoisfeasible (e.g., because of
the enormous size of the data sources).

The problem that we seek to address is best illustrated bxam@e: Consider
two academic departments that independently collectinébion about theiStudents
in connection tdnternships Suppose a data sét collected by the first department is
described by the attributé®, Advisor PositionStudent LeveMonthly Incomendin-
ternshipand it is stored into a table as the one correspondirgtan Table 1. Suppose
a second data sé?, collected by the second department is described by théuatis
Student ID Advisor RankStudent ProgranmHourly Incomeandinternand it is stored
into a table as the one correspondindlgin Table 1.

Consider a user, e.g., a university statistician, who wamtiraw some inferences
about the two departments of interest from the user’s petsge where the represen-
tative attributes ar&tudent SSNAdvisor StatusStudent Statysyearly Incomeand



Internship For example, the statistician may want to infer a model thatbe used to
find out whether a student in the statistician’s ddigs (in Table 1) has completed an
internship or not.

This requires the ability to per- ID [ Adv.Pos.| St.Level|[M.Inc/intern.
form queries over the two data source 34 [Associatd  M.S. | 1530] yes

associated with the’departmen_ts ofin-D1 291 None | 1stYear| 600 | no
teresg fronthetusetrspt)easp(ictwr(le (((aj._g. 53 [Professof Ph.D. [ 1800 no
number of doctorate students who di

an internship). However, we notice SID Adv._Ranh St.Prog. [H.Inc.|Intern
that the two data sources differ in tern i) ; ’;\f‘;'gigt, Dl\gitsct)(regl 1‘71 3:1%3
of semantics from the user’s perspect 2 '

tive. In order to cope with this het- 3 |AssociatgUndergrad 8 yes
erogeneity of semantics, the user mus SSNAdv.Status St.Statug Y.Inc.| Intern
observe that the attributd® in the 475| Assistant Master |1600Q 7
first data source antudent IDin  |Duv|287| ProfessofDoctoratg 18009 2
the second data source are similar tg__ | 230 AssociateUndergrad 7000] 7
the attributeStudent SSk the user

data; the attributeédvisor Position Table 1. Student data collected by two depart-
andAdvisor Rankare similar to the Ments and a statistician

attributeAdvisor Statugthe attributesStudent LevedndStudent Progranmare similar to
the attributeStudent Statystc.

To establish the correspondence between values that tvilasatiributes can take,
we need to associate types with attributes and to map theidashdhe type of an
attribute to the domain of the type of the correspondingtaitte (e.g.Hourly Income
to Yearly Incomeor Student Levelo Student StatysWe assume that the type of an
attribute can be a standard type such as String, Integerpeit can be given by a
simple hierarchical ontology. Figure 1 shows examples wibate value hierarchies
for the attributesStudent LeveStudent ProgranmandStudent Statuis the data sources
Dy, D and the user dat&y, respectively. Examples of semantical correspondences
in this case could b&=raduate in D5 is equivalent taGrad in Dy, 1st Yearin Dy is
equivalent toF'reshman in Dy, M.S. in D4 is smaller than (or hierarchically below)
Master in Dy, etc.

. ) N
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Fig. 1. Hierarchical ontologies associated with the attrib@aslent LevelStudent Progranand
Student Statuthat appear in the two data sources of intef@stand D, and in user datdy,
respectively.



In this paper, our main focus is on learning classifiers frochssemantically het-
erogeneous data sources. Learning typically requireaetitig relevant statistics from
data. When the data sources are semantically heterogememasise of differences in
the levels of abstraction at which data in different datasesiare specified relative to
the user’s perspective, we are presented with the probldenafing classifiers from
partially specified data. Previous work [2] has shown howxjal@t a set of hierarchi-
cally structured ontologies in the form is& hierarchies over attribute values in a single
data source to learn classifiers from partially specifie@.dagainst this background,
this paper aims to address the problerteafning concise and accurate classifiers from
semantically heterogeneous distributed data sources

The rest of the paper is organized as follows: Section 2 des/a more precise for-
mulation of the problem of learning compact and concisesdiass from semantically
heterogeneous distributed data; Section 3 presents aajapgroach to solving this
problem, illustrates its application in the case of Naivg/&aclassifiers and presents
theoretical guarantees associated with the proposedthlgpand Section 4 concludes
with a summary and discussion.

2 Problem Formulation
2.1 Ontology-extended data sources

Suppose that the data of interest are distributed over thesdarced,, - - -, D,,, where
each data sourcB; contains only a fragment of the whole ddba Two common types
of data fragmentation ateorizontal fragmentatiorwhere each data fragment contains
a subset of data tuples amdrtical fragmentationwhere each data fragment contains
subtuples of data tuples [3].

Let D; be a distributed data source described by the set of atsut: , - - -, A7}
andO; = {41, ---, A} } asimple ontology associated with this data. The elemént
O, corresponds to the attribuﬂa} and describes the type of that particular attribute. The
type of an attribute can be a (possibly restricted) stantyqrel (e.g., Positive Integer or
String) or a hierarchical type. A hierarchical type is defirzs an ordering of a set of
terms [4] (e.g., the values of an attribute). Of specialredeto us are tree structured
isa hierarchiesover the values of the attributes that describe a data spaismcalled
attribute value taxonomigsee Figure 1).

The schema; of a data sourc®; is given by the set of attributelsA?, - - -, A% }
used to describe the data together with their respectivastyti, - - - , A%, } described by
the ontologyO;. We define amntology-extended data sourag a tupleDy =<D;, S;, O;>,
whereD; is the actual data in the data sourSgjs the schema of the data source and
O; is the ontology associated with the data source.

2.2 Complete data from a user perspective

Let <D1,51,01>, -+, <Dp, Sp, Op,> be an ordered set gf ontology-extended data
sources and/ a user that poses queries against these heterogeneousda@ss A
user perspective is given by a user ontoldgyy and a set of interoperation constraints
IC that define correspondences between termSiin - -, O, and terms inOy. The
constraints can take one of the formsO, = y:Oy (x is semanticallyequivalentto

y), 2:0; < y:0Op (x is semanticallybelowy), z:0; > y:Oy (z is semanticallyabove



y) [4]. The set of constraints specified by the user can be uséskmi-automatically)
infer a set of mappings between data source ontold@gies- -, O, and a user ontology
Oy.

Let I' = I'(Oy) be a cut through the user ontology./lgj € Oy is a standard
(linear) type, then the cdf(AJU) through the domaim? is the domain itself. However,
if Agf is a hierarchical type, theﬁ(/lg/) defines the level of abstraction at which the
user queries are formulated. For examgdl&ndergrad, Master, Ph.D.} is a level
of abstraction in the hierarchy associated with the atteil@iudent Status the user
perspective in our example (Figure 1). Any value above thisnaplies a higher level of
abstraction (e.gGrad), while a value below the cut (e.g4,B D) implies a lower level
of abstraction, when used to specify instances. A user thadbstraction” determines
a level of abstractiod; = I'(O;) in each distributed data sourég (by applying the
corresponding mappings). Let= (v(A}),---,v(A!)) be an instance i®;. We say
that the instance is:

— Fully specifiedf forall 1 < j < n, the valueu(Aj-) is on or below the cuf;. If
v(A%) is on the cutl;, we say thaw(A’) is anexactly specifiedalue; if v(A") is
below the cutl;, we say tha’v(Aj-) is anover-specifiedalue.

— Partially specifiedf there exist at least one attribute valugd;) which is above
the cutl’;. We say that(A}) is anunder-specifiegalue.

Given a cutl" through the user ontology, the available data sou@es - -, D,
could be seen as a complete virtual datal3givhose instances are specified at the level
of abstraction corresponding to the dutMore preciselyD is defined as the multi-set
union (i.e., duplicates are allowed) of the distributedanses, appropiately mapped to
the user ontology by mapping each attribute value to theesponding value in the user
ontology. Note that the complete data cannot always be agaetl in practice (e.g.,
when the user cut results in under-specified data in thelsliséd data sources), thus
making impossible the application of standard centralinadhine learning algorithms.
However, under specific assumptions about the distribuifdhe under-specified data
(e.g., all the under-specified values are equally likelgitain statistics about data (e.g.,
counts of data) can be easily estimated.

2.3 Learning compact and accurate classifiers from distribted,
ontology-extended data sources

The problem of learning classifiers from data can be summaias follows [5]: Given
a data setD of labeled examples, a hypothesis clésand a performance criterion
P, the learning algorithni. outputs a hypothesis € H that optimizesP. In pattern
classification applicationg, is a classifier (e.g., a Naive Bayes classifiers, a Decision
Tree, a Support Vector Machine, etc.). Under appropriaseiraptions, the resulting
classifier is likely to accurately classify unlabeled imstes.

A distributed setting typically imposes a set of constraifion the learner that are
absent in the centralized setting. In this paper, we asshatéhte constraintg prohibit
the transfer of raw data from each of the sites to a centraliloe while allowing the
learner to obtain certain statistics from the individutdsi(e.g., counts of instances that



have specified values for some subset of attributes). Theqroblem of learning com-
pact and accurate classifiers from distributed, semalibaterogeneous data sources
can be formulated as follows: Given a collection of ontol@yyended data sources
<Dy, 81,01>, --,<D,, Sp, Op>, a user perspectivéX,, 1C), a set of constraintg,

a hypothesis clas& and a performance criterioR, the task of the learnet, is to
output a hypothesis € H that optimizesP using only operations allowed 3.

We say that an algorithni; for learning from distributed, semantically hetero-
geneous data sefSy, - - -, D, is exactrelative to its centralized counterpdrtif the
hypothesis produced by, is identical to that obtained bl from the complete data set
D obtained by appropriately integrating the data gets- - -, D,, according to the user
perspective, as defined in the previous section.

3 Sufficient Statistics Based Solution

We want to design algorithms for learning compact and atewiassifiers from dis-
tributed, semantically heterogeneous data sources. Quoagh is based on a general
strategy for transforming algorithms for learning clagsgifrom data into algorithms
for learning classifiers from distributed data [6].

This strategy relies on the de-
composition of the learning task '
into two components [7]: aimfor- "
mation gatheringomponent, in Which  eaming agoritm
the information needed for learn-
ing is identified and gathered from | Query &
the distributed data sources, and a
hypothesis generatiocomponent Hypothesis Generation B
which uses this information to gen-
erate orrefine a partially constructed
hypothesis. The information gath-
ering component involves a pro-
cedure for specifying the informa-
tion needed for learning as gueryand a procedure for answering this query from
distributed data. The procedure for answering queries fimtnibuted data entails the
decomposition of a posed query into sub-queries that thigithdhl data sources can
answer, followed by the composition of the partial answate & final answer to the
initial query. If the distributed data sources are also seially heterogeneous, map-
pings between the data sources ontologies and a user ontwed to be applied in the
process of query answering to reconcile the semanticaréifices [6] (Figure 2).

The strategy described can be applied to a large class ofitggalgorithms (e.qg.,
naive Bayes, decision trees, Bayesian networks, etc.)luBtrate it, we will use Naive
Bayes algorithms as an example. Zhang and Honavar [8] peoleers algorithm (AVT-
NBL) for learning compact and accurate Naive Bayes classifrem a data set in the
presence of an associated ontology. In the remaining ofséhision we identify the
information requirementss(fficient statistigsof AVT-NBL algorithm, and we show
how to transform it into an algorithm for learning compactiatcurate Naive Bayes
classifiers from distributed, semantically heterogenetaia sources.

Mappings
M(0i->0)

Query
Decompositiol
Answer
Composition

Fig. 2. Learning from semantically heterogeneous
data sources



3.1 Sufficient statistics for AVT-NBL

A statistic s(D) is called asufficient statistidor a parametef if s(D) captures all
the information about the parametecontained in the dat® [9]. Caragea et al. [6]
generalized this notion of a sufficient statistic for a paggmé to yield the notion
of a sufficient statistiz;, (D) for learning a hypothesis using a learning algorithm
L applied to a data sdD. Thus, a statistia, (D) is asufficient statistic for learning
a hypothesis: using a learning algorithnk applied to a data seb if there exists a
procedure that takes, (D) as input and outputs.

Consider for example, the Naive Bayes classifier that opsnander the assump-
tion that each attribute is independent of the others gibenclass. Thus, the joint
class conditional probability of an instance can be wriisrthe product of individual
class conditional probabilities corresponding to eadtibaite defining the instance. The

Bayesian approach to classifying an instanee {vy, - - -, v,, } is to assign it to the most
probable classysap(x). Thus, we havecyrap(x) = argmaxp(vy, - - -, vplcj)p(c;) =
CjEC

argmaxp(c;) Hp(vi|cj). Therefore, the task of the Naive Bayes Learner (NBL) is to
C_]‘EC .

estimate the class probabilitie&; ) and the class conditional probabilitie@; |c;), for

all classes:; € C and for all attribute values; € dom(A;). These probabilities can
be estimated from a training sét using standard probability estimation methods [5]
based on relative frequency counts. We denote @y|c;) the frequency count of the
valuewv; of the attributeA; given the class label;, and byo(c;) the frequency count
of the class labet; in a training setD. These frequency counts completely summarize
the information needed for constructing a Naive Bayes iflasfrom D, and thus, they
constitutesufficient statisticfor Naive Bayes learner.

While the sufficient statistics required for constructingassifier can be computed
in one step in some simple cases (e.g., Naive Bayes), in glerikis may require
interleaved execution of the information gathering anddilgpsis generation com-
ponents of the algorithm over several steps with each steldigg refinement suffi-
cient statisticghat are used to refine a partially construted classifier.eMwecisely,
sp(D,h; — hiy1) is a sufficient statistic for the refinement bf into h;; if there
exists a procedur® that takesh; andsy (D, h; — h;4+1) as inputs and outputs;

[3].

We next identify the refinement sufficient statistics for &&-NBL algorithm [8].
AVT-NBL efficiently expoits taxonomies defined over valudseach attribute in the
data set to find a Naive Bayes classifier that optimizes thalifional Minimum De-
scription Length (CMDL) score [10]. The CMDL score providemeans of trading off
the error of the classifier against its complexity. If we deertay | D| the size of the data
set,I" a cut through the AVT associated with this ddtas 1 (I") the Naive Bayes clas-
sifier corresponding to the cut, size(h) the number of probabilities used to describe
h and CLL(h|D) the conditional log-likelihood of the hypothesisgiven the data

log |D
D, then theCM DL score can be written aSM DL(h|D) = < o8 |> size(h) —

|D|
|D|CLL(h|D).Here,CLL(h|D) = |D| Z log pr(ci|vit + - - vin), Wherepy, (c;|vi1 « - - Vin)

i=1




represents the conditional probability assigned to theselac C associated with the
examplex; = (v;1,---,v;,). Because each attribute is assumed to be independent of

|D|
the others given the class, we can weité L(h| D) = |D| Zlog ( Tel () 11 pulvis i) ) .
im1 > Plew) T pa(vigler)
AVT-NBL starts with a Naive Bayes classifier correspondimthie most abstract cut
in the attribute value taxonomy associated with the datas{igeneral classifier) and it
iteratively refines the cut by searching in a greedy fashiooutgh the space of possible
cuts, until a best cut, according to the performance caitglis found. More precisely,
let h; be the current hypothesis corresponding to the current'¢ue., h; = h(I")) and
I'" a (one-step) refinement &f (see Figure 3).

Leth(I") be the Naive Bayes clas- AVT A AT A
sifier corresponding to the cut’ and . / \

letCMDL(I'|D)andC M DL(I"|D)

be the CMDL scores corresponding to cur
the hypothese&(I") and h(I"”), re-

spectively. f[CMDL(I") > OMDL I

thenh;, = h(I"), otherwiséhiy1 = Fig. 3. The refinement of a cuf through an
h(I"). This procedure is repeated Un-tribute value taxonomyt
til the difference$CM D L(I")—CMDL(I")|

approaches zero for all (one-step) refinemdritef I'. The last hypothesis constructed
is the output of the AVT-NBL algorithm.

Therefore, the final classifier that the AVT-NBL outputs igaibed from the most
general classifier through a sequence of refinement opesatttach refinement oper-
ation corresponds to the refinement of the current cut arslbbased on th€ M DL
score. Thus, the sufficient statistics for learning AVT-NBlassifiers can be seen as
refinement sufficient statistics, which are identified below

Let h; be the current hypothesis corresponding to alc@ndCLDM (I'|D) its
score. IfI" is a refinement of the cut, then the refinement sufficient statistics needed
to construct;, are given by the frequency counts needed to constiict) together
with the probabilities needed to computd.L(h(I"”)|D) (calculated once we know
h(I'")). If we denote bylom(A;) the domain of the attributd; when the cutl” is
considered, then the frequency counts needed to congtflity areo(v;|c;) for all
valuesyv; € domp (A;) of all attributesA; and for all class values; € domr(C), and
o(cy) for all class values; € domp (C). To computeCLL(h(I")|D) the products
[T, pu(rr) (viglex) for all examplese; = (vi1,- -+, vin) and for all classes;, € C are
needed.

The step + 1 of the algorithm corresponding to the diit can be briefly described
in terms of information gathering and hypothesis genenatmmponents as follows:

1) Computer(v;|c;) ando(c;) corresponding to the cut’ from the training dataD
2) Generate the NB classifie(I")

3) Computd [; pp(r)(vij|cx) from D

4) Generate the hypothedis,



3.2 Naive Bayes classifiers from semantically heterogenendata

Let<D;, S1,0:>, --,<D,, Sp, Op,> be a set op ontology-extended data sources and
Oy a user ontology. Lef” be a cut through the user ontology.

The stepi + 1 (corresponding to the cut’ in the user ontology) of the algorithm
for learning Naive Bayes classifiers from distributed, setically heterogeneous data
sourcesDy, - - -, Dy, is similar to the step + 1 of the algorithm for learning from a
single data set (described above), except that the suffgliatistics are computed from
the distributed data sourceés, - - -, D,,.

Thus, we have reduced the problem of learning Naive Bayesifilers from dis-
tributed, ontology-extended data sources, to the problémathering the statistics
sp(D,h; — h;11) from such data sources. Next, we show how to answer stafistic
queriesq(sr (D, h; — h;y1)) that return statistics,, (D, h; — hi+1), from horizon-
tally and vertically fragmented distributed, semantigdleterogeneous data sources.

Horizontally fragmented data If the data are horizontally fragmented, the examples
are distributed among the data sources of interest. Thasisér query (o (v;|c;)) can

be decomposed into the sub-querigés (v} |c})), - - -, gp(o(v]'|¢})) corresponding to
the distributed data sourcés, - - -, D,,, wherev¥ andcf are the values i, that map

to the values); andc; in Op. Once the querieg: (o (v; [c})), - -, gy (o (v |c})) have
been answered, the answer to the initial query can be obtéipadding up the indi-
vidual answers into a final coun{v;|c;) = a(v}|c}) + - -+ o(v]|c}). Similarly, we
compute the counts(c; ). Once the counts(v;|c;) ando(c;) have been computed, the
Naive Bayes classifiei’ = h(I") corresponding to the cut’ can be generated. The
next query that needs to be answered(ﬁj pr (vijlck)) corresponding to each (vir-
tual) exampler; = (v;1,- -, vin) (in the complete data set) and each clasbased on
the probabilities that defink'. Because all the attributes of an example are at the same
location in the case of the horizontal data fragmentatiaohejuery; ([ [; pr (vij|cx))

is answered by the data source that contains the actual éxampWhen all such
queries have been answered, the s¢oké¢ D L can be computed and thus the hypothe-
sis that will be output at this step can be generated.

If any of the values)} or ¢/ are partially specified i@, we “fill in” the partially
specified values and increment the count accordingly. Ticadil methods for dealing
with missing data, as well as new statistical methods desigpecifically for partially
specified data can be used to “fill in” partially specified esuln this paper, we assume
that the user specifies a distribution over partially spedifialues or that such a distri-
bution is inferred based on the corresponding specifiecegdhua different data source.

Vertically fragmented data If the data is vertically fragmented, the attributes are dis
tributed among the data sources of interest, but all theegadfian attribute are found at

the same location. Therefore, a user qugiy(v;|c;)) can be answered by a particular
data source that contains the attribute However, the user quem(][; pn(vij|ck))

is decomposed into sub-queries according to the distidbdi&ta sources and the final

answer is obtained by multiplying the individual answers.

3.3 Theoretical Analysis

Theorem 1 (Exactness)The algorithm for learning Naive Bayes classifiers from a set
of horizontally (or vertically) fragmented distributedntmlogy-extended data sources



<D1,51,01>, - ,<D,,Sp,0,>, from a user perspective Oy, IC>, in the presence
of the inferred mapping®, - - - , v, is exactwith respect to the algorithm for learn-
ing Naive Bayes classifiers from the complete datalsebbtained (in principle) by
integrating the data sourceBy, - - -, D,, according to mappings, - - - , ¢p.

Proof sketch: Because of the information gathering and hypothesis géoer@ecom-
position of the the AVT-NBL algorithm, the exactness of thgogithm for learning
from distributed, semantically heterogeneous data ssutepends on the correctness
of the procedures for decomposing a user queigto sub-queries, - - -, g, corre-
sponding to the distributed data sourdes - - -, D,, and for composing the individual
answers to the queries, - - -, g, into a final answer to the query More precisely,
we need to show that the conditigOD) = C(q1(D1),- - -, ¢p(D,)) (exactness condi-
tion) is satisfied, where(D), ¢1(D1), - - -, gp(D,) represent the answers to the queries
4,1, -, qp, respectively, and is a procedure for combining the individual answers.
When data is horizontally fragmented the quefy (v;|c;)) is decomposed into
sub-querieg; (o (v} i), ap(o (v |c})) corresponding to the distributed data sources
Dy, ---, D, and the final answer is(v;|c;)(D1,---, Dp) = o(vf|c;)(D1) + -+ +
o(vi'|e})(Dp). If we denote by (v;|c;)(D) the answer to the quenyo(v;|c;)) posed
to the complete data sét, we need to show that(v;|c;) (D1, - - -, Dp) = o(vi|c;)(D).
This is obviously true when the data sourdes - - -, D, are homogeneous because the
addition operation is associative. The equality holds @alsen the data sources are het-
erogeneous, due to the way we compute the counts (by simgldté construction of
the complete data sé?). A similar argument can be made for the exactness condition
in the case of the queiy(o(c;)). Because the answer to the que(¥[; pr(vij|ck)) is
obtained from a single data source and no combination ptweas needed, the exact-
ness condition is trivially satisfied in this case. Simifasle can prove the exactness of
the algorithm for leaning from vertically fragmented distited data, which completes
the proof of the exactness theorem.

4 Summary and Discussion

There is an urgent need for algorithms for learning classifieom distributed, au-
tonomous (and hence inevitably, semantically heteroges)etata sources in several
increasingly data-rich application domains such as basmftics, environmental in-
formatics, medical informatics, social informatics, satguinformatics, among others.
In this paper, we have precisely formulated the problemarfimg classifiers from
distributed pntology-extended data sourcagich make explicit (the typically implicit)
ontologies associated with autonomous data sources. dgseified semantic corre-
spondences (mappings between the data source ontologighenser ontology) are
used to answer statistical queries that provide the infiomaeeded for learning clas-
sifiers, from such data sources. The resulting frameworklgialgorithms for learning
classifiers from distributed, ontology-extended datacsesirThese algorithms are prov
ably exact relative to their centralized counterparts endhse of the family of learning
classifiers for which the information needed for constngthe classifier can be bro-
ken down into a set of queries for sufficient statistics th&etthe form of counts of
instances satisfying certain constraints on the valuekefttributes. Such classifiers
include decision trees, Bayesian network classifierssiflass based on a broad class



of probabilistic models including generalized linear misgamong others. We have
illustrated the proposed approach in the case of learningeNgayes classifiers from
horizontally fragmented distributed, ontology-extendath sources.

There is a large body of literature on distributed learniBgd [11] for a survey).
However, with the exception of [3], most algorithms for leiag classifiers from dis-
tributed data do not offer performance guarantees (e.@Gtegss) relative to their
centralized counterparts. Integration of semanticalletogeneous data has received
significant attention in the literature (see [12] for a sy)veMost of this work has
focused on bridging semantic differences between schenthsrtologies associated
with the individual data sources and answering (typicahational) queries from such
data sources.

Caragea et al. [6] present an approach to semantic integratidata from multi-
ple sources when data are described in terms of differentagies and briefly outline
some ideas on extending this approach to solve the probldeaafing from seman-
tically heterogeneous data. In contrast, this paper phcfermulates and provides a
solution to this problem in the important special case whesreh data source has an
AVT ontology associated with it.

The algorithm and the analysis presented in this paperthegavith results like
those presented in [6] represent important steps towarosxdem of significant current
interest that cuts across multiple areas of Al (such as iinfion integration, machine
learning, knowledge representation, etc.).

References

1. Berners-Lee, T., Hendler, J., Lassila, O.: The Semangb.V&cientific American (2001)

2. Zhang, J., Caragea, D., , Honavar, V.: Learning ontolaggse classifiers. In: Proceedings
of the Eight International Conference on Discovery Scigiix® 2005). (2005) 308-321

3. Caragea, D., Silvescu, A., Honavar, V.. A framework faarieng from distributed data
using sufficient statistics and its application to learnilegision trees. International Journal
of Hybrid Intelligent System4& (2004)

4. Bonatti, P., Deng, Y., Subrahmanian, V.: An ontologyeexted relational algebra. In: Pro-
ceedings of the IEEE Conference on Information Integratiod Reuse, IEEE Press (2003)
192-199

5. Mitchell, T.: Machine Learning. McGraw Hill (1997)

6. Caragea, D., Pathak, J., Honavar, V.: Learning classifiem semantically heterogeneous
data. In: Proceedings of the International Conference ainl@gies, Databases, and Appli-
cations of Semantics for Large Scale Information Syste2@4)

7. Kearns, M.: Efficient noise-tolerant learning from stitial queries. Journal of the ACNb
(1998) 983-1006

8. Zhang, J., Honavar, V.: AVT-NBL: An algorithm for leargirrompact and accurate naive
bayes classifiers from attribute value taxonomies and detaProceedings of the Fourth
IEEE International Conference on Data Mining, Brighton, (#004)

9. Casella, G., Berger, R.: Statistical Inference. Duximgss, Belmont, CA (2001)

10. Friedman, N., Geiger, D., Goldszmidt, M.: Bayesian mekulassifiers. Machine Learning
29(1997)

11. Kargupta, H., Chan, P.: Advances in Distributed and IRarEKnowledge Discovery.
AAAI/MIT (2000)

12. Doan, A., Halevy, A.: Semantic Integration ResearcthéDatabase Community: A Brief
Survey. Al Magazine, Special Issue on Semantic Integré&t®{2005) 83-94



