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Abstract

The amournt of data being collected in databasestoday far exceedsour ability to
analyze them without the use of automated analysis techniques. Data Mining is
ewlving to provide automated analysis solutions and is de ned as the non-trivial
processof identifying valid, novel, potentially useful,and ultimately understandable
patterns in data and describing them in a conciseand meaningful manner. Data
mining is a discipline lying at the interface of statistics, databasetechnology, pattern
recognition, machine learning, and other areas. In recen yearsincreasingattention
has beengiven to probabilistic and statistical approachesthat historically provide
an intellectual background to the analysis of collected data when uncertainty in
data hasto be taken into accourt and when is not possibleto create complete and
consistert model of the world. One of the most widely used statistical methods in
Data Mining for classi cation tasks is the Naive BayesClassi er that, despite of its
strong assumptions, has beenproved to be usefulin many application domains.

Studieson Naive BayesClassi ers, like most studiesin Data Mining have focused
on arelatively simple represertation of data: a databaserelation, or a standard data
table, or a set of points in a feature space. In fact, the relational model is cleanand
simple, and a relational table can be easily mapped into the mathematical concept
of matrix. Howewer, with the advent of the information age, we have witnessedto
a dramatic growth of applications in governmert, business,education and science,
many of which are sourcesof various data, organisedin dierent structures and
formats. The chancesthat computers have provided have enlargedthe meaning of
"data”, have de ned new sorts of problemsin knowledgediscovery, and are leading
to the developmert of completely new classef modelsand data analysisalgorithms
that take the "structure" of data into accourt.

The structure of data can be in various forms. In this work we consider two
common interpretations of structured data: the occurrence of relations between
categoriesof the units of analysis, that is, betweenthe principal ertities of a sta-
tistical study (categorization structure) or the occurrenceof relations betweenthe
units of analysisand/or the units obsenation, that is, the secondaryertities of the
statistical study that are correlated with the units of analysis (unit structure).

In this thesis we face and deeply investigate the problem of Naive Bayesian
learning from these two forms of structured data. In particular, for the caseof
categorization structure, we propose a framework for the usage of Naive Bayes
classi ers in the caseof hierarchically related categories,while, for the caseof unit
structure, we resort to a multi-relational approac to Data Mining.
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4 Abstra ct

A principle that guided the writing of this thesis was that it should presen a
balance of theory and practice. In particular, proposedalgorithms have beenem-
pirically evaluated on real datasetsand applications principally concernthe eld of
Documert Engineering. Documert Engineering is the computer sciencediscipline
that investigatessystemsfor documerts in any form and in all media and is con-
cernedwith principles, tools and processeshat improve our ability to create, man-
age,and maintain documerts. It includes,amongother topics, Text Categorization,
Documert Image Classi cation, Documert Retrieval and Documenrt Understanding.



Chapter 1

Intro duction

The amount of data being collectedin databasegoday far exceedour ability to ana-
lyze them without the useof automated analysistechniques. The eld of knowledge
discovery in databases(KDD) is ewlving to provide automated analysis solutions.
Knowledgediscovery is de ned asthe non-trivial processof identifying valid, novel,
potentially useful, and ultimately understandable patterns in data and describing
them in a conciseand meaningful manner. This processis interactive and iterativ e,
involving numerous steps. Information o ws forwards from one stageto the next,
aswell as badkwards to previous stages. The main step is data mining.

Data mining automatesthe processof nding relationships and patterns in raw
data and deliversresultsthat canbe either utilized in an automated decisionsupport
system or assessedy a human analyst. A data mining task consistsof analysing
data collectedin databasesin order to help answer questionssud as:

What goods should be promoted to this customer?

What is the probability that a certain customer will respond to a planned
promotion?

Can one predict the most pro table securities to buy/sell during the next
trading session?

Will this customer default on a loan or pay badk on schedule?

What medical diagnoseshould be assignedto this patient?

How large the peakloads of a telephoneor energy network are going to be?
Why the facility suddenly starts to produce defective goods?

What is the main topic of a textual (web) documert?

Can one predict whether a moleculeis mutagenic or not?

One of the fundamental tasksin data mining is Classi cation. In the usual clas-
si cation setting, input or training data consistsof multiple examples,ead having
multiple attributes or features. Each exampleis taggedwith a classlabel. The goal

5



is to learn the target concept assaiated with ead classby nding regularities in
examplesof a classthat characterize the classin question and discriminate it from
the other classes.This problem has been extensiwely studied in the literature and
sewral and disparate approadces have beenproposed.

Most of proposedsolutions for classi cation are able to classify a new untagged
example in one of the possible classeson the basis of an induced complete and
consistent model of the world. However, in many problem domainsit is not possible
to create complete and consistert models of the world. Therefore it is necessary
to act in uncertain worlds (which the real world is). Furthermore, the very act
of preparing knowledgeto support Data Mining tasks requiresthat we leave some
facts unknown, unsaid or approximately summarized. For example, if we encade
the knowledge about the satisfaction of a customer in a rule, the rule will have
many exceptions which we cannot a ord to enumerate and the conditions under
which the rules apply are usually ambiguously de ned and di cult to satisfy in real
life.

A way to act taking the uncertainty into accourt is by meansof statistical ap-
proachesfor learning. In statistical approactesfor learning, a belief is assaiated
to the decisiontaken. It is often basedon the attempt to draw statistical conclusions
from the conditional probability P(H]E), that is the probability of an hypothesis
H (to betrue) giventhat the event E hasbeenobsened (to be true). This ideais
called Bayesianstatistics and derivesfrom the so-called BayesTheorem (Thomas
Bayes-1763)Bay63]. The Bayestheorem pavesthe way to the ideato usea concept
of intuitiv e probability in statistical theory and practice.

One of the most studied approacdesin Bayesianstatistics for classi cation pur-
posesis the Naive Bayes classi er. The naive Bayes classi er is basedon the es-
timation of the posterior probability that an example belongsto a classaccording
to the Bayesian statistical framework. The naive Bayes classi er is also basedon
the assumption that, given the class, attributes are independert ead other. This
assumption is clearly false if the predictor variables are statistically dependen.
However, even in this case,Domingosand Pazzani[DP97] empirically and formally
proved that the naive Bayesian classi er can give good results. Due to its sim-
plicity and its performancesin large-scaledatasets, it is usedin a wide range of
applications.

This thesis facesthe problem of mining Naive Bayes statistical classiers in
presenceof structured data taking into accourt dierent aspects related to both
theoretical and applicative problems. In particular, seweral aspects have beenin-
vestigated and di erent algorithms have beenalso proposed. Experiments mainly
concernthe eld of Documert Engineering. Documert Engineeringis the computer
sciencediscipline that investigates systemsfor documerts in any form and in all
media. It is concernedwith principles, tools and processeghat improve our ability
to create, manage,and maintain documernts.
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1.1 Motiv ations

The problem of mining statistical classi ers hasbeenextensiwely investigatedin the
literature. However, the rapid growth of information available and new and more
complex applications demand the use of more sophisticated approades that are
able to deal with both complex data and previously known badkground knowledge.

Studies on Naive Bayes Classi ers, like most studies in Data Mining, have fo-
cussedon a relatively simple represertation of data: a databaserelation, or a stan-
dard data table, or a set of points in a feature space. In fact, the relational model
is clean and simple, and a relational table can be easily mapped into the mathe-
matical concept of matrix. Howewer, with the advent of the information age, we
have witnessedto a dramatic growth of applications in governmert, business,edu-
cation and science,many of which are sourcesof various data, organizedin di erent
structures and formats. The chancesthat computers have provided have enlarged
the meaning of data, have de ned new sorts of problemsin knowledge discovery,
and are leading to the developmert of completely new classesof models and data
analysis algorithms that take the structure of data into accoun.

The structure in structured data can be in various forms [BCMO00]. A rst type
of structured data is represened by tree-structured or taxonomic attributes, that is
attributes whose domain values are ordered in a rooted hierarchical tree. In data
mining taxonomies are usedto support generalisation-basedknowledge discovery
or attribute-orien ted induction [HCC92] in order to reducethe computational com-
plexity of the mining algorithms, while in machine learning taxonomiesde ne some
form of badkground knowledgeto be usedduring the learning process[AAK95]. A
di erent, but somewvay related, form of structure in the attribute domain is that of
relational variables/attributes, asthey are referred to in the eld of data analysis,
that are characterized by the de nition of a dissimilarity matrix on the domain
values[Ler0Q].

In all these examplesthe structure is in the attribute domain, that is, in the
de nition of a possibly weighted binary relationship de ned on the value set. In
symbolic data analysis [BDOQ] another type of binary relation is considered,which
involves a variable describing an obsened object and the set of values that the
variable can take. In generalthe relation can be an order/equality relation (e.g.,
"number-of-inhabitants ~ 100") or set inclusion (e.g., "gross-national-product
[40,50]"). This dierent type of structure is very useful when the unit of analysis
is not a single individual but a class(or group) of individuals. For instance, the
description of a group of daily connectionsto a department network canbe obtained
by aggegating the values of the attributes Destination-IP, Nation-Time-Zone and
Start-Hour. The result is a conjunction of di erent binary relations involving the
three variablesand (a setof) domainvalues(e.g. "Destination-IP 87 AND Nation-
Time-Zone > -4 AND Start-Hour 2 [22..24]"). How to extract patterns from this
kind of "structured data" describing di erent groups of individuals is indeed the
main goal of the researt area known as symbolic data analysis.

Another form of structure in the data is represernied by dependenciesbetwesn
variables or attributes. In the caseof hierarchical pairwise variable dependencies
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the setof valuestaken by a variable Y dependson the set of valuestaken by another
value X (e.g. "if obj-type=riverthen color=blue" or "if gender=malethen number-
of-pregnancies=not-applicable"). More in generala weight can be assaiated with
ead dependence. It represerts the "strength” of the dependenceand often corre-
spondsto a probability value, such asin the caseof probabilistic causalrelationships
(e.g. "if driving-speed=very-high then mortal-accident=y eswith probability 0.4").
A further generalization of this type of "dependency structure" is represerted by
probabilistic graphical models, such as Bayesian networks, which are characterised
by the fact that ead variable is directly in uenced by only a few others (e.g. "b oth
student's intelligence and di cult y of material a ect the degreeof understanding
of a subject").

Both taxonomic and symbolic data are extensionsof classial data tables where
objects are described by a xed set of attribute-v alue pairs, possibly with some
form of attribute dependencies.By represeting the units of analysisasrows of the
data table and attributes ascolumns, we can easily seethat all typesof structures
preserted above a ect either a single column, or multiple columns, but they never
expresssomekind of dependencebetweenrows. The term relational data hasbeen
used by the data analysis community to introduce a dierent type of structure
concerning a relationship betweenead pair of objects. The most common caseof
relational data is when we have (a matrix of) dissimilarity data between objects,
ead of which can be described by the same xed set of attributes [HB02]. Tedni-
cally, this kind of relational data must be represeried by two tables of a relational
database, one describing the objects to be analysed and the other describing the
relations (e.g., the dissimilarity matrix) betweenthem.

Recerily, the term relational data has also been adopted by the data mining
community to refer to the more general (and complex) casein which multiple re-
lationships exist between objects, which can even be described by di erent sets of
attributes. This meansthat the unit of analysisis not necessarilya single row of a
data table but is composedby multiple rowsin multiple tables. In this structured
unit of analysisit is necessaryto distinguish the target object of analysis (rows of
a target table represerning the principal ertities under study) from the other task
task relevant objects: discovered patterns (e.g., generalizations) must refer to tar-
get objects which may or may not have somerelationships with other task relevant
objects. Studieson how to analyseor mine this kind of structured data fall in the re-
certly establishedreseard areaof (multi-)r elational data mining (MRDM) [DLO1].
The data model that can suitably represet the units of analysisstudied in MRDM
is that of relational database. However, to be able to analyserelational databases
cortaining multiple relations properly, speci ¢ algorithms have to be written that
cope with the structural information that occursin relational databases[KBSV99].

In this thesis we investigate two casesof structured data preseried above in
the context of Naive Bayesclassi cation. The rst caseconcernsthe presenceof a
taxonomical relation on the categoriesof the units of analysis(categorization struc-
ture) and the secondcaseconcernsthe presenceof relationships between objects
composing the units of analysis (unit structure).
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1.2 Contribution

The main contribution of this thesis concernsthe extension of statistical classi ers
and, in particular, Bayesian classi ers, to deal with two particular casesof struc-
tured data, namely categorization structure and unit structure. The former will
be investigatedin the context of propositional learning, while to represen the unit
structure, we will resort to the multi-relational data mining setting.

1.2.1 Classication in a hierarc hy of categories

Classi cation in a hierarchy of categoriesis receiving growing attention in the lit-
erature especially in somespeci ¢ application domains, such astext classi cation,
functional genomics,and in general,in applications whereit is possibleto de ne a
is-arelation betweencategories. Indeed, for what concernstext classi cation, many
popular seard enginesand text databasesarrange examples(documerts) in topic
hierarchies, such as Yahoo, Google Directory, Medical Subject Headings(MeSH) in
MEDLINE, Open Directory Project (ODP) (www.dmoz.org) and Reuters Corpus
Volume | (RCV1). In functional genomics,the problem of predicting the functional
classof a genecabn be consideredas a problem of hierarchical classi cation since
genesare organized hierarchically. For example in the Munich Information Cen-
ter for Protein SequencegMIPS) hierarchy !, the top level of the hierarchy has
classessuch as: "Metab olism”, "Energy”, "T ranscription” and "Protein Synthe-
sis". Each of these classesis iterativ ely subdivided into more speci ¢ classes,so
to obtain a hierarchy which is up to 4 levels deep. An example of a subclass of
"Metab olism" is "amino-acid metabolism", and an example of a subclass of this
is "amino-acid biosynthesis". An example of a genein this subclassis YPR145w
(genename ASN1, product "asparaginesynthetase") [BBD * 02] [CKO01]. In such ap-
plications pre-de ned categoriesare organizedin a hierarchical structure (tree-like
structure). Such a structure re ects relations between conceptsin the application
domain covered by the classi cation.

This hierarchical arrangemer is essetial whenthe number of categoriesis quite
high and the useof a non-hierarchical classi er (at classier) would leadto a frag-
mentation of the class, producing many classeswith few menmbers. On the other
hand, the hierarchical classi cation arrangesexampleshierarchically, thus support-
ing a thematic seard by browsing topics of interests. The structural relationship
amongcategoriescan be takeninto accourt when devisingthe classi cation process.
While in at classi cation a given example is assignedto a category on the basis
of the output of one classi er, in hierarchical classi cation, the assignmen of a
documern to a category can be done on the basis of the output of multiple sets of
classi ers, which are assaiated to di erent levels of the hierarchy and distribute
examplesamong categoriesin a top-down way. The advantage of this hierarchical
view of the classi cation processis that the problem is partitioned into smaller
subproblems, ead of which can be e ectively and e cien tly managed. Another
motivation is given by the obsenation that at di erent levels of the hierarchy the

Lhttp://mips.gsf.de/pro  jly east/catalogues/funcat/
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sameexample can be represented in a di erent way. In particular, it is possibleto
usedi erent abstractions of the sameobject varying the level of the hierarchy (e.g.
it is possibleto emphasizesomefeaturesrather than others at di erent levels of the
hierarchy).

Although there are seeral approadcesthat facethe problem of hierarchical clas-
si cation of examples,they are often strictly related to the application in hand and
lack of a generaland domain free approach to the problem. In this thesis, we pro-
posea generalframework for hierarchical classi cation of examples. It supports the
changeof represenation of examplesat di erent levelsof hierarchy. The framework
includes a tree distance-basedhresholding algorithm for the classi cation of exam-
plesin internal categoriesof the hierarchy. It can be applied to any classi er, such
as naive Bayes, that returns a degreeof membership (e.g. probabilistic or distance
based) of an exampleto a category The framework can managea variety of situ-
ations in terms of hierarchical structure: examplescan be assignedto any node in
the hierarchy, somenodescan have no ass@iated examplesand internal nodescan
have only one child.

1.2.2 Classication in Multi-Relational Data Mining

In hierarchical classi cation the predicted attribute is supposedto be structured.
Anyway, it doesnot considerthe eventuality that the training data represen rela-
tions betweenthe target objects and the task relevant objects (unit structure). In
order to deal with this secondproblem, it is necessaryto resort to multi-relational
data mining. Multi-Relational Data Mining is a new branch of data mining researt
that overcomesthe problem of single table assumption that assumeghat the train-
ing set can be represerted as a single relational table, where ead row correspnds
to an example and ead column to a predictor variable or to the target variable.
This assumptionis madein classicaldata mining and seemsuite restrictivein some
data mining applications, where data are stored in a databaseand are organized
into seweral tables for reasonsof e cien t storage and accessore are stored in the
form of complex objects. In this context, both predictor variables and the target
variable are representied asattributes of distinct tables (relations) evertually related
ead other by meansof foreign key constraints de ning a structure in the data.
Several approaches for classi cation in multi-relational setting have been pro-
posedin the literature, but often the problem is solved by moulding a relational
databaseinto a singletable format, such that traditional attribute-v alue algorithms
are able to work on [KHSO01]. This approad is known it the literature as propo-
sitionalization. Two techniques have been proposedfor propositionalization. The
former is basedon the principle that it is possibleto considera singlerelation recon-
structed by performing a relational join operation on the tables. This technique is
fraught with many di culties in practice [DR98] [GetO1b]. It producesan extremely
large and impractical to handle table with lots of data being repeated. A di erent
technique is the construction of a single certral relation that summarizesand/or
aggregatesinformation which can be found in other tables. Also this approad has
some drawbadks, since information about how data were originally structured is
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lost [KRZ* 03]. In order to overcomesud limitations, structural Multi-relational
data mining approadesare being used, especially for the classi cation task [Blo98]
[FGKP99a] [KWO01b] [PK95] [FLO4].

In this thesiswe presert two di erent solutions to the problem of mining classi-
ers from relational data. In particular, we intend to extend the naive Bayesclassi-
cation to the caseof relational data. The rst solution is basedon the useof a set
of rst-order classi cation rules in the context of naive Bayesianclassi cation. We
preser di erences, bene ts and drawbadks of the proposedapproad with respectto
similar approachesreported in the literature. The secondsolution is inspired by re-
cert studieson the usageof assaiation rules for classi cation purposes|[DZWL99a]
[BG034]. This approac, namedasscaiative classi cation [LHM98], presernts seweral
advantages. First, dierently from most of classi ers as decisiontrees, assaiation
rules consider the simultaneous correspondence of values of dierent attributes,
hence allowing to achieve better accuracy [BG03a. Second, ass@iative classi -
cation makes assaiation rule mining techniques applicable to classi cation tasks.
Third, the usercan decideto mine both assaiation rules and a classi cation model
in the same data mining process[LHM98]. Fourth, the assaiative classi cation
approac helps to solve understandability problems [CM93a] [PMS974 that may
occur with someclassi cation methods. We proposea multi-relational assiative
classi er that performs the classi cation at dierent granularity levels and takes
advantage from domain speci ¢ knowledgein form of rules that support qualitativ e
reasoning.

1.3 Outline of Thesis

This thesisis organizedasfollows: in the next chapter the problem of Naive Bayesian
probabilistic classi cation in classicaldata mining is introduced. The problem of
hierarchical classi cation is alsodescribed and investigated. In the third chapter the
Naive Bayesclassi cation in multi-relational Data Mining is described and seweral
approades are proposed. In the fourth chapter someapplications of Naive Bayes
classi cation in the eld of documert engineeringare proposed. Other applications
are reported in chapter v e. Finally, in the sixth chapter conclusionsare drawn and
future works are proposed.
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Chapter 2

Naiv e Bayesian Hierarc hical
Classi cation

This chapter formally de nes the classi cation problem in data mining focusing
the attention on the Naive Bayesianclassi cation. We review someof the seminal
works reported in the literature and we illustrate the classi cation problem when
hierarchical relations between target categoriesare taken into accourt. We also
propose a general framework for hierarchical classi cation of examples. It can be
applied to any classi er that returns a degreeof membership, sud as probabilistic
or distance-basedclassi er.

2.1 Data Mining and statistical classi cation

Knowledge discovery in databases(KDD) is de ned as the non-trivial processof
identifying valid, novel, potentially useful, and ultimately understandable patterns
in data and describing them in a conciseand meaningful manner [FPSM92]. This
processis interactive and iterativ e, involving numerous stepswith many decisions
being made by the user [FPSS94. The overall KDD processinvolvesthe following
steps:

1. Understanding the application domain: includesde ning relevant prior knowl-
edgeand goalsof the application.

2. Extracting the target data set: includes selectinga data set or focusing on a
subsetof variables.

3. Data cleaning and preprocessing: includes basic operations, suc as noise
removal and handling of missingdata. Data from real-world sourcesare often
erroneous, incomplete, and inconsistert, perhaps due to operation error or
systemimplementation aws. Sudc low quality data needsto be cleanedprior
to data mining.

4. Data integration: includesintegrating multiple, heterogeneougdata sources.

13
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5. Data reduction and projection: includes nding useful featuresto represen
the data (depending on the goal of the task) and using dimensionality reduc-
tion or transformation methods.

6. Choosingthe task of data mining: includesdeciding the purposeof the model
derived by the data mining algorithm (e.g., summarization, classi cation, re-
gression,clustering, discovering assaiation rules and functional dependencies,
rule extraction, or a combination of these).

7. Choosing the data mining algorithm(s): includes selecting method(s) to be
used for searding patterns in data, such as deciding on which model and
parametersmay be appropriate.

8. Data mining: includes searding for patterns of interest in a particular repre-
senational form or a set of such represenations.

9. Interpretation: includes interpreting the discovered patterns, as well as the
possiblevisualization of the extracted patterns. One can analyzethe patterns
automatically or semiautomatically to identify the truly interesting/useful
patterns for the user.

10. Using discovered knowledge: includes incorporating this knowledge into the
performance system, taking actions basedon knowledge.

Information o ws forwards from one stageto the next, aswell as backwards to
previous stages.

KDD (or Data Mining) on its extensive exception brings together techniques
from madine learning, pattern recognition, statistics, databases linguistics and vi-
sualization in order to extract information from large databases.lIt is an interdisci-
plinary eld with a generalgoal of predicting outcomesand uncaovering relationships
in data. It usesautomated tools employing sophisticatedalgorithms to discover hid-
den patterns, assaiations, anomaliesand/or structure from large amounts of data
stored in data warehousesor other information repositories. Data mining tasks
can be descriptive, i.e., discovering interesting patterns describing the data, and
predictive, i.e., predicting the behavior of the model basedon available data.

In many predictive data mining tasks, we can assumethat data are generated
independertly and with anidentical and unknown distribution P on somedomain X
and are ass@iated with a valuein somedomain Y accordingto an unknown function
g. The domain of g is spannedby m independent (or predictor or explanatory)
random variables X; (both numerical and categorical), that is X = X; X3

Xm and the goal is to predict the dependert (or responseor target) variable
Y. An inductive data mining algorithm takes a training sample S = f(x;y) 2
X Yjy = g(x)g as input and returns a function f which is hopefully closeto
g on the domain X . In this scenario, when the target variable Y is a symbolic

is a cortinuous value, the inferencetask is called regression In this thesis we focus
our attention in classi cation. In particular, we tackle the problem of automatic
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classi cation of data characterized by a non-deterministic nature for which it is not
possibleto create a complete and consistert model of the world to be modelled.

In such cases,a typical choice is to resort to probabilistic classi cation that
permits to act taking the uncertainty into accourt. Statistical classi cation nds
its roots in Statistical Decision Theory [Ber93] and can be formally stated as a
problem of expected risk minimization. Let D be the set of functions such that
D = ffjf : X ! YgandRs bearisk function de ned in D suc that:

Rs(f) = EfL(y;f(x))i(x;y) 2 Sg (2.1)

whereL (y;f (x)) is the lossincurred whenthe true y is estimated by ¢ = f (x). The
goalisto nd afunction fqp sud that

fopt = argmins Rs(f) (2.2)

Under the general setting of Statistical Decision Theory, seweral methods and
techniques have beenstudied in the literature. Sudh methods are able to nd the
fopt function accordingto di erent lossfunctions and di erent function estimations.
They include: Linear RegressionLinear Discriminant Analysis, Logistic Regression,
Decision Trees, K-Nearest Neighbor, Support Vector Machines and Bayesian Net-
works. In the following subsectionswe brie y describe such methods.

2.1.1 Linear Regression

Linear models are classi ers that partition the samplespaceX and assaiate eadh
partition with a classvalue. Generally, in linear models, the domain X is spanned
in m numerical random variables and the term "linear" pertains the fact that "de-
cision boundaries" are represetted in form of planes. Classical linear models for
classi cation are: Linear Regression,Linear Discriminant Analysis and Logistic
Regression.

In Linear Regressionthe prediction model is computed accordingto the linear
regressionfunction:

¥ =X(XTX) IXTy

Where X represerts the input matrix N (m+ 1) (N is the number of training
examples)with a row for ead training example and composedby (m+1) columns
corresponding to m inputs and a leading column of 1's for the intercept. Y is the
indicator N L responsematrix of 0's and 1's, with ead row having a single 1.

Let B = (X"X) IXTY bethe m+ 1 L coecient matrix and x be a new
instance to be classi ed, the classi er computesthe tted output L vector

f(x) = [(L;x)B]"

and returns the best class:
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Figure 2.1: Simple caseof a 2-class linear Regression application in 2-dimensional sample space

9= argmaxXi=1 ::L fi(X) (2-3)

Linear regressionprovidesa simple approach to usestatistical regressionfor clas-
si cation problems (seeFigure 2.1). However, the approad has a se\ere limitation
when the number of classeds L 3, especially prevalent when L is large. Because
of the rigid nature of the regressionmodel, classesan be masked by others [HTFO01]
and, in extreme situations, even if classesare perfectly separatedby linear decision
boundaries, yet linear regressioncompletely missessomeclasses.To overcomethis
limitation, Frank et al. [FWI* 98] proposedan approac that nds a dierent re-
gressionmodel for ead partition of the sample spacefollowing an approacd similar
to classi cation trees, namely model trees [WW97][MECAO04].

2.1.2 Linear Discriminan t Analysis

In Linear Discriminant Analysis, the main idea is to estimate the class posterior
distribution for optimal classi cation. The classposterior distribution is a discrete
probability distribution that a given exampleis classi ed in a classP(YjX).

A simple application of the Bayes Theorem permits to estimate P (Y jX):

p P(X = xjY = y)P(Y = y)

P(X = XjY = C|)P(Y = C|)
I=1:L

P(Y =yjX =x)=

where P(Y) is the prior probability and P(X = XxjY = y) is the classdensity or
likelihood.

Many technigquesare basedon the application of this formula, they mainly di er
in the estimation of the likelihood. In Discriminant Analysis it is generally assumed
that ead classdensity is a multiv ariate Gaussian[DH73], that is:

. 1 - Tl
f|(X) = P(Y = C|JX = X) = We 1=2(x  ¢) c, x v) (24)
I
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wherethe ¢, is the covariance matrix assaiated to the | th classvalueand ¢,
is the vector of the attribute averagesassaiated to the | th classvalue.

Linear Discriminant Analysis arisesin the special casewhen we assumethat the
classeshave the same covariance matrix, that is, ¢, = foread | = 1:L. In
this casethe discriminant functions that partition the sample spacein C, and its
complemer : C; is (from 2.4, by passingto logarithms):

C (X) = XT ! C 1=2 1(;| ! Ci + |Og( CI) (25)

where ¢, is the priori probability of classl.
The classis estimated by:

9: argmaxi=1 :L C|(X) (2-6)

Linear Discriminant Analysis generally provides an accurate model when the
decisionboundariesin the data can be described by linear models. Indeed, in such
cases the gaussianmodels are stable. [MSTC94].

2.1.3 Logistic Regression

Another linear method for classi cation is Logistic Regression. As in the case
of Linear Discriminant Analysis, in logistic regressionthe goal is to estimate the
posterior probability distribution P (YjX). [HLOO]. The estimation is performed by
meansof linear functions in x. The model hasthe form:

P(Y = CjX =x) _ T
IogF’(Y = CLjX =X) = wF X
IogP(Y = CyjX = x) _ o+ gx

P(Y = C_jX = x)

P(Y:CL ]_jX:X): + T X
P(Y = CLiX = x) (L ot L1

log

The computation of the probabilities dependson the parameter

=T 10 20;:

that is typically estimated by maximizing the following measure:

X% _
sgn(Ci;yi)log(P(Y = Ci;jXi; ) (2.7)
i=1 I=1
wheresgn(C;;yi) = 1if C; = y;, 0 otherwise.
The maximization of this equation in typically obtained by nding the value of
that equalsto zerothe rst derivative in  and leaves positive the determinant
of the Hessianmatrix.
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Figure 2.3: A decision tree for the didactic example Play Tennis

Logistic Regressionmodels are usedmostly as data analysisand inferencetool,
where the goal is to understand the role of an input variable in explaining the
outcome [HTFO1].

Logistic Regression,as most linear models provide an approac to de ne linear
boundariesthat partition the sample space. However, in most cases,the nature of
the underlying problem is not linear and, in such case,the predicted model cannot
be adequatefor the problem in hand and di erent techniques have to be adopted
(seeFigure 2.2).

2.1.4 Decision Trees

Decisiontreesreturn a decisiontree. A decisiontree classi er represens a disjunc-
tion of conjunctions of constraints on the attribute values of examples. A decision
tree can be represetted by a tree structure characterized by two types of nodes:
internal nodes,that represen a partition of the samplespaceaccordingto the value
of an attribute, and leaves, that represen the taken decision. In Figure 2.3, an
example of decisiontree for the didactic example Play Tennis [Qui86] is reported.
A new exampleis classi ed by starting at the root node of the tree, testing the
attribute speci ed by this node and then moving down the tree branch correspond-
ing to the value of the attribute in the given example. This processis then repeated
for the subtreerooted at the new node. The entire processis repeated until a leaf
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node is reached.

Several algorithms have beenproposedto learn decisiontree, and most of them
are variations of the core algorithm ID3 [Qui86] and its successorC4.5 [Qui93].
The algorithm employs a top-down greedy seard through the spaceof the possible
decision trees. In particular, ID3 construct decisiontreesin a top-down fashion.
The main step concernsthe the selection of the attribute to be tested. For this
purpose,a statistical test is generally usedand the goalisto nd the attribute that
is most useful for classifying examples.

Formally, in the ewvaluation of a single node, the algorithm choosesthe attribute
that minimizes the information lost on the basis of an impurity function. An im-
purity function is a function

oMy < (2.8)

such that, given a probability vector PC =< pg;po; i pL > wherep = P(Gy),
(PC)

is minimal if all training examplesbelongto a single class(9i = 1:m s:t:

pi=1)
is maximal if examplesare equally distributed over the classes(8i = 1::m;
pi = 1=m)

is symmetric with respect to the componerts of PC
is di erentiable over [0; 1]™

If an internal node t assaiated with a probability vector P C(t) represens a
test on the | attribute and producesk dierent nodestq;t,;:::;ty, the best test
maximizesthe impurit y lost:

N (ti)
N (1)

Gain(t;j) = ( PC(t) ( PC(t))

i=1

where N (t) represents the number of examplesthat fall in the node t
The impurity measureimplemented in ID3 is the entropy:

X
E(PC) = pi 19, pi
j=1

Another typically used measureis:
GainR atio(t;j) = Gain(t;j)=IV(t;])

where

IN(t)] | IN ()]

i=1
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Di erently from the information gain, the gain ratio doesnot favour splits with
multiple attributes.

Several variants have beeninvestigatedin the literature and from them we cite
the Gini Index proposedby Breiman et al. [BFOS84. The Gini index is another
impurity measurede ned as follows:

X
Glndex(PC) = 1 p?
j=1

Dierently from previously described methods, in the original formulation of
decision tree learners the assumption is that the independert random variables
X1;Xo;:: Xy arediscrete. In order to deal with cortinuous attributes, a discretiza-
tion by considering as "split points" the middle point between two consecutive
valuesis typically used[BFOS84.

Decisiontrees provides a simple and e cien t way to learn classi ers. The main
advancein the useof decisiontreesis in the understandability if the induced model.
In fact, a decisiontree can always be transformed in a set of rules that are easily
understandableto a human. The number of extracted rules equalsthe number of
leavesin the tree.

2.1.5 K-Nearest Neighbors

K-Nearest Neighbor (K-NN) is a particular classi er that achieves exibilit y in
estimating the classof a given example over the whole sample space,by tting a
di erent but simple model separatelyat ead query point x° This is done by using
only those obsenations closeto the target point x°. More precisely given a new
example x° (query point), the method usesa subsetof the training set, Ny (x9), to
compute the classy® assaiated to x°. Ny (x9 is the neighborhood of x° de ned by
the k closestpoints in the training set. Formally:

X
f(x%= argmaxyoyy v%y)
X2 Ny (x9)

wherey is the classassaiated to x

(
1 if yo=vy

0. —
vy 0 if y°6y

When the value of y? is not unique (there is no dominant class)then f (x% can be
considered unknown .

Figure 2.4 reports an exampleof classi cation of a newinstance (red point). The
closestexampleis a "plus”, this meansthat a 1-NN classi er returns "plus". A 2-
NN classi er returns "unknown" becausen the neighborhood there are 2 examples
and there is no dominant class.

A variant of the standard K-NN algorithm gives more importance to the in-
stancesthat are closestto the target point (locally weighted K-NN). This approac
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1-nearest neighbor outcome is a plus
2-nearest neighbors outcome is unknown
- S-nearest neighbors outcome is a minus

Figure 2.4: Knn Example

assignsa greater weight to instancesthat are closeto the target point and reduces
the weight for more distant instances:

f (<) = argmaxy e 04
X2 Ny (x9)
If d(x%x) = 0 for somex, then f (x% assumesthe valuey = f (x).

In the examplereported in Figure 2.4, di erently from the classical2-NN clas-
si er, the weighted 2-NN classi er classi es the new instance as "plus" instead of
"unknown".

In the K-NN method, great importance is given to the distance measure. The
measureis usedboth in the de nition of the neighborhood N (x% and in the de -
nition of the weights.

Typically usedmeasuresare [Mit97]:

Euclidean distance. This distanceis de ned for real valuesand is basedon the
following equation:

xn o 0
(x)  xP9?
i=1

o<

d(x%x% :=

Mink owski distance. This distance is de ned for real valuesand, given a para-
meter g, it is computed by meansof the following equation:

Xn -
e = (0 xPIH
i=1
Hamming distance. This distanceisde ned in f0;1g™ and is computedby count-
ing the number of di erences in the valuesof the input vectors.

Stan lI-W altz distance. [SW86] Stan Il and Waltz intro ducedthe Value Di er-
enceMetric (VDM) to de ne the similarity for discrete attributes. The VDM
computes a distance for ead pair of the di erent valuesa symbolic feature
can assume. It essetially comparesthe relative frequenciesof eat pair of
symbolic valuesacrossall classes.Two attribute valueshave a small distance
if their relative frequenciesare approximately equal for all output classes.
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v

Figure 2.5: Support vectors used to de ne a separating hyperplanes

K-NN is an instance-basedearner becausejn corntrast to learning methods that
construct a general, explicit description of the target function, K-NN simply stores
the training examplesand usesthem in the classi cation of a new instance. This
property makesthe K-NN method a high e ective method in caseof large datasets.
Another important aspectis that K-NN is particularly robust to noisy training data.

A practical limitation of the K-NN method is that the distance measureis com-
puted considering all attributes and not a subset of them. In the casethat some
attributes are not statistically signi cant in the prediction of the class,K-NN is not
able to isolate them. The typically adopted solution usesweights to give more or
lessimportance to "signi can t* or "non-signi cant" attributes respectively.

2.1.6 Support Vector Mac hines

Recerly, a new learning technique has emergedand becomequite popular in prac-
tical domainsbecauseof its good performanceand its theoretical foundations in the
statistical learning theory: support vector machines (SVMs), proposedby Vapnik
[Vap9yq.

Given a set of positive and negative examples(SVMs are de ned for two-classes
problems), an SVM identi es the hyperplanein R™ that linearly separatespositive
and negative exampleswith the maximum margin (optimal serating hyperplane).
In general,the hyperplane can be constructed asthe linear combination of all train-
ing examples, however, only some examples, called support vectors, do actually
cortribute to the optimal separating hyperplane (see Figure 2.5), which can be
represened as:

f(x)=( § (y ix)'x+b (2.9)
X 2 SUPP
whereSUPP S represerts the setof the support vectorsandy is the classassai-
atedto x . The coe cien ts and bare determined by solving a large-scalequadratic
programming problem for which e cien t algorithms exist, which are guaraneed to
nd the global optimum.
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SVMs are basedon the Structural Risk Minimization principle: a function that
can classify training data accurately and which belongsto a set of functions with
the lowest capacity (particularly in the VC-dimension) [Vap95 will generalizebest,
regardlessof the dimensionality of the feature spacem. Therefore, SVMs can gen-
eralizewell evenin large feature space,such asthoseusedin text categorization. In
the caseof the separating hyperplane, minimizing the VC-dimension corresponds
to maximizing the margin.

The linear separability appearsto be a strong limitation. Howewer, SVMs can
be generalizedto non-linearly separabletraining data by mapping the data into
another feature space F via a non-linear map:

<M F (2.10)

and then performing the above linear algorithm in F. Generally the map introduce
new featuresthat do take into accourt the correlation betweenthe input features.
The solution has the form:

X
f(x)=( (v i(xMT(x)+b (2.11)
X 2 SUPP
that is non linear in the original feature set.

Howe\er, training a Support Vector Machine requires the solution of a very
large quadratic programming (QP) problem and optimized algorithms have been
proposedin the literature. They include: SVM 9"t proposedby Joacims [Joa,
Joa994 and Sequetial Minimal Optimization (SMO) proposedby Platt [Pla9§].
The latter is very fast and is based on the idea of breaking the large quadratic
programming (QP) problem down into a seriesof smaller QP problemsthat can be
solved analytically.

2.1.7 Bayesian Networks

Bayesian Networks [Pea8§ are compact graphical represenations for high- dimen-
sional joint distributions. They exploit the underlying conditional independences
in the domain and the fact that only a few aspects of the domain a ect ead other
directly.

Formally, a BayesianNetwork B is composedof a structure and parameters. The
structure is a directed acyclic graph that encalesa set of conditional independence
relationships among variables. The nodes of the graph correspond directly to the
attributes and the directed arcsrepresen dependenceof attributes to their parerts.
The lack of directed arcs among attributes represen a conditional independence
relationship.

In Figure 2.6, an example of Bayesian Network is reported. The lack of arcs
betweenattributes Attr g and Attr 1;indicate that they are conditionally independert
given Attr ;.

The parameters of the network are the local probability distributions attached
to ead variable. The structure and parameters taken together encale the joint
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Figure 2.6: A Bayesian Network representing the conditional probabilities of attributes given the
independent events described by Attr 1 and Attr 19

probability of the variables. In particular, given an attribute X;, the structure
implicitly de nes Pa(X;), the setof attributes assaiated to the parent nodesof the
node represetted by X;.

For eadh attribute X, it is possibleto de ne a conditional probability distri-
bution Pg (XijjPa(X;)). A Bayesian Network B de nes a unique joint probability
distribution over the sample space,de ned by the following equation.

v
Pe (X1;X2;15Xm) = Pe(XijPa(Xj)) (2.12)
i=1

The problem of learning a Bayesian network from data can be broken into two
componerts: learning the structure and learning the parameters. If the structure
is known, then the problem reducesto learning the parameters. If the structure is
unknown, the learner must rst nd the structure before learning the parameters
(actually in many casesthey are induced simultaneously). Learning the structure
can itself be decompsedinto searding for structures and evaluating structures.

In any case,the learned Bayesian Network can be pro tably usedfor classi ca-
tion purposes.asproposedby Friedman and his colleaguedFGG97], who intro duced
tree-augmerted naive Bayesian (T AN) Networks in which the classvariable has no
parents and ead obsened attribute has as parents the classvariable and at most
one other obsened attribute. Thus, ead attribute can have one augmerting edge
pointing to it.

In Figure 2.7, an example of TAN model for the dataset "pima" taken from
[FGG97] is reported. The attribute C is the target variable (class).

2.2 Naiv e Bayesian Classi cation

A di erent solution is provided by the Naive Bayesianclassi er. The Naive Bayesian
classi er?! is a simple and computationally e cien t learning algorithm with theoret-

1The term Naive Bayesian Classier has beenintro duced by Kononenko [Kon90]. It refers to
the Simple Bayesian Classi er [Lan93] and idiot Bayes [Bun90]
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Figure 2.7: An example of TAN model for the dataset "pima"

ical roots in the Bayestheorem.
The Bayestheorem states that:

Let Ag; Az AL be muBJaIIy exclusive (disjoint) events whose union has
probability one. That is, , P(A) = 1.

Let the probabilities P (A;) be known.

Let B bean event for which the conditional probability of B givenA;, P(BjA;)
is known for eat A;.

Then:

P(BjA)P(A;)

2.13
I, P(BJA\)P(A) @19

P(AIB) = P

The probabilities P (A;ijB) re ect our updated or revisedbeliefsabout A;, in the
light of the knowledgethat B has occurred.

Making a notational changeby identifying the everts Aq;Ay;::;; AL with classes
of a classi cation problem Cy; C,;:::; C. and by identifying the evert B asthe union
of events (X1 = X1; X2 = X2;::: Xm = Xm), Where,asspeci ed in section2.1, X; are
random predictor variables and x; (i = 1::m) are values, the Bayesformula can be
written:

P(Y = CijX1= x1;X2 = X2, i Xm = Xm) =
o P(X1= X1;X2 = X2 m = XmjY = G)P(Y = Gi)

L : (2.14)
=1 P(X1= X1;X2 = X2;:iXm = Xm]Y = C)P(Y = Gj)

P(Y = CGjjX1 = X1; X2 = Xp;::: Xm = Xm) is referred to asa posterior probabil-
ity, P(Y = C;) asthe prior probability, and P(Y = C;jX1 = X1;X2 = X2;:iiXm =
Xm) asthe likelihood. The result of the Bayes Theorem 2.14 expresseghe funda-
mental task of learning by experience in terms of the relation of prior and posterior
probabilit y.

Oncethe probabilities have beenestimated, the classis predicted by identifying
the most probable one.

f(x) = argmax; P(Y = CijX1 = X1;X2 = X2, Xm = Xm) (2.15)
i= 1L
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In the estimation of the posterior probability, the denominator of formula 2.14
can be ignored, sinceit is the samefor all classes.Thus, in BayesianLearning, the
problem is, given an unlabeled example x = Xx1;X2::}; X, to individuate the most
probable classto which x belongs.

f(x) = argmax; P(X1 = X1;X2 = X2;::: Xm = XmjY = CG)P(Y = C)) (2.16)
i= 1L

Bayestheorem plays an important role in inducting inferencesince 1961, when
Harold Je reys devised v e essetial rules of inductiv e inference under which the
theorem could be subsumed as represerting one important case of probabilistic
inference[Jef61]. Afterward, the Bayestheorem has beenusedin se\eral statistical
approadesfor learning [Got80](e.g. BayesianNetworks 2.1.7). Each approac tries
to estimate the value of the likelihood in a di erent way.

One of the most common approachesis the Naive BayesianLearner, where the
estimation of the likelihood is performed by meansof the simplistic (naive) assump-
tion that an attributes is independert of ead other, given the class. Formally:

P(X1=X;X2= X0, Xm = XY = Gj) = v P(X1=Xx4jY = Cj) (2.17)
j=1

Thus, the discriminant function is:

N
f (x) = argmax; P(Y = Cj) P(X1= XY = GC) (2.18)
j=1

The naive assumption is clearly false when the predictor variables are statis-
tically dependert. Furthermore, in practical domains, the attributes are seldom
independert given the class. For this reason,the Naive BayesianLearner has been
considerednot much reliable and hasbeeninitially usedas baselinefor comparison
with more sophisticated algorithms. Despite of this scepticism,in past yearsit has
been shawvn that in many domains the prediction accuracy of the naive Bayesian
classi er compareswell with that of other more complexlearning algorithms includ-
ing decisiontree learning, rule learning, and instance-basedearning algorithms.

In particular, Cestnik et al. [CKB87], Clark and Nibblett [CN89] and Cestink
[Ces9( comparedthe naive Bayesianclassi er with rule learnersand results empiri-
cally proved the e ectiv enessf the naive Bayesianclassi er. Langley et al. [LIT92]
comparedthe Naive Bayesianclassi er with a decisiontree learnerand found that it
is more accurate in most of cases.Finally, Domingosand Pazzani[DP96] compared
sewral learnersin information ltering tasks and found that the Naive Bayesian
classi er is the most accurate.

In addition, the naive Bayesian classi er has been proved robust to noise and
irrelevant attributes [ZWO0Q] and Kononenlo [Kon0( reported that domain experts
(in medicine), found learned theories easyto understand.

In past years, seweral attempts to improve the Bayesian Classi er have been
performed. Such improvemerts concernedthree di erent and non-orthogonal direc-
tions, namely, improvemerts in the treatment of numeric attributes, improvemens
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in the treatment of statistically dependen attributes (with respect to the class)
and, nally, improvemerns in the classier's expressienessby meansof a more
sophisticate represertation.

2.2.1 Numeric attributes

The Naive Bayes classi er has beende ned for discrete attributes. To extend the
standard Naive Bayesclassi er to both cortinuous and discrete attributes, seweral
approadieshave beenproposed. The simplest approac consistsin a preprocessing
step that aims to discretize cortinuous attributes. A di erent solution consistsin
an embeddeddiscretization method that discretize contin uous attributes during the
learning phase.

One of the approadesthat followsthe latter solution hasbeenproposedby John
and Langley [JL95], where two discretization algorithms are compared: a kernel
density estimation of numeric attributes and an estimation basedon a Gaussian
distribution. The authors empirically proved that the kernel density estimation
algorithm is, in general,the better solution.

An independert study by Dougherty et al. [DKS95] shovedthat the performance
of the naive Bayesalgorithm is signi cantly improved when featuresare discretized
using an entropy-based method. On the cortrary, when purit y-based methods are
applied, the performanceof the naive Bayesalgorithm is not signi cantly improved.

2.2.2 Relaxing the indep endence assumption

The assumptionof conditional independencemadeby naive Bayeslearnershasoften
beenregardedas unrealistic. Therefore, seeral attempts to relax this assumption
can be found in the literature. Most of them have been proposed chronologically
beforethe empirical and formal considerationson the optimalit y region of the naive
Bayesclassi er illustrated by Domingos and Pazzani[DP97] in 1997.

In 1991, Kononenlko proposedan approac (namely, Semi-Naive Bayesian Clas-
sier) [Kon9] that is basedon the joining of dependert attribute values. The
dependence/independenceis chedked accordingly to a statistical test. Experimerts
conducted to evaluate the e ectiv enessof this approach did not shaw signi cant
improvemerts in accuracy

Langley and Sage[LS94] responded to the problem by embedding the naive
Bayesian scheme within an algorithm that carries out a greedy sear through the
spaceof features (so, resorting to a feature selection problem). They found that
it is, in general, bene cial in domains that involve signi cant correlation among
attributes. Howewer, in most domains no advantage of the proposedapproadc is
noticed.

Following the idea proposedby Kononenlo, Pazzani[Paz9§ proposeda method
to join attributes, rather than values. The algorithm is basedon an iterativ e pro-
cedurethat joins two attributes at ead step. The evaluation of the e ectiv eness
of the join is basedon a cross-walidation approacdh. The method shows improve-
ments with respect to the standard naive Bayesian classi er. However, the author
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noticed that the main advantage concernedthe casewhen the Bayesian classi er
was substartially lessaccurate than decisiontrees learners.

In 2002,Webbet al. [WBWO02] [WBW ss]proposeda method namedAODE, that
overcomesthe attribute independenceassumption of naive Bayesby averaging over
all modelsin which all attributes depend upon the classand a single other attribute.
The resulting classi cation learning algorithm for nominal data is computationally
e cien t and achieveslower error rates. Howewer, the learned theories are not easily
understandable.

2.2.3 Optimalit y of Naiv e Bayes Classi er

Despite of this multitude of approades,Domingosand Pazzani[DP97] shaved that
relaxing the independenceassumptionis not always the best way to improve naive
Bayesian classi er. Indeed, the paper preseris both formal and empirical results
showing that even when the independanceassumptionis violated by a wide margin,
the naive Bayesianclassi er returns the sameclassi cation of the Bayesianclassi er
that takesinto accourt the statistical dependenceamong attributes (non-naive).

The basicideais that, evenif the classi er doesnot return correct probabilities,
the discriminant function 2.18 still returns correct estimations.

The authors proved a set of both sucient and necessaryconditions for the
glokal optimality of the naive Bayes classi er. For global optimality, they intend
that, for eadh example in the sample space,the zero-oneloss (error rate) is the
same of the Bayesian classi er that is not basedon the independenceassumption
of attributes given the class. Among others, interesting results are that the naive
Bayesianclassi er is globally optimal for learning conjunctions and disjunctions of
literals.

The authors also proved limitations of the naive Bayesclassi er. In particular,
when all attributes are nominal, the Bayesian classi er is not globally optimal for
classeghat are not discriminable by linear functions of linear features.

Another important aspect of the naive Bayesianclassi er obsened for two class
problems, is that, even if the classi er doesnot return a correct estimation of the
class,it tends to rank exampleswell [ZEO1]. This is an important point becausea
simple modi cation of the naive Bayesian classi er will allow it to better discrimi-
nate all positive examplesfrom negatives[DP97]. This modi cation is particularly
usefulin the caseof learning (m of n) concepts [MP91] aswell asin the caseof
unbalanceddata [ZEO1].

2.2.4 Impro ving the classier's expressiveness

A dierent researt direction on naive Bayesian classi ers is improving the classi-
er's expressieness.Langley [Lan93] proposesa method, nhamed RBC (Recursive
Bayesian Classi er), that recursively partitions the instance spacein sub-regions
by meansof a hierarchical clustering algorithm. A Bayesianclassi er is learned for
ead sub-region. Although the method pavesthe way in revising the naive Bayesian
classi er, the results do not show signi cant improvemerts over it.
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A dierent approad, proposedby Kohavi [Koh9§ is NBTree that scalesup
the accuracy of Naive Bayesianclassi er in large datasetsas well as decisiontrees
learners. This demand derivesfrom the obsenation that, increasingthe size of the
training set, the Naive Bayesianclassi er tendsto degradeits performancesin terms
of classi cation accuracy [DP97][Koh9€6. NBTreeinducesa hybrid of decisiontree
classi ers and Naive Bayesian classi ers. Each node of the decisiontree classi er
represens a split over the samplespace,while the leavesrepresen a Naive Bayesian
Classi er. An empirical analysisof NBTree shavsthat, in general, NBTreetendsto
outperform either approaces alone, namely the Naive Bayesian classi er and the
decisiontrees classi er, in the caseof large datasets. The performance of NBTree
is comparableto that of the standard Naive Bayesian Classi er.

Sahami,in 1996[Sah9§, proposeda learning algorithm, namedKdb, very similar
to Bayesian networks. Kdb learns Bayesian classi ers that allow ead attribute to
depend on at most k other attributes within a classfor a given number k. When k
is equalto 0, Kdb generatesnaive Bayesianclassi ers, while whenk is equalto the
number of all attributes 1, Kdb createsfull Bayesian classi ers without attribute
independences.

Friedman et al., in 1997, [FGG97], compared naive Bayesian classi er with
Bayesian Networks (see 2.1.7) that is, a much powerful represenation that has
the bayesianclassi er as a special caseand found that Bayesian Networks tend to
produce no improvemerts and, sometimes,lead to large reduction in accuracywith
respect to the naive Bayesian classi er. From this obsenation, they proposeda
intermediate solution that allows ead attribute to depend on at most one other at-
tribute in addition to the class. This method hasbeennamed TAN and is a special
caseof Kdb (in terms of expressieness). Experiments shaved that TAN provides
interesting results in terms of accuracy

In 2000, Zheng and Webb proposed LBR (Lazy Bayesian Rule Learning al-
gorithm) which dier from NBTree for the fact that avoids the problem of small
disjunctions of tree learning algorithms. The small disjunct problem, called by Holte
et al. [HAP89], is de ned asthe problem that occurs when a disjunct coversonly a
few training examplesand, Holte et al. by examining previously learned concepts,
showed that small disjuncts are much more error prone than large disjuncts. To
overcomethis problem, LBR adopts a lazy approac and generatesa rule that is
the most appropriate to the test example.

Among all methods preserted above, both LBR and TAN shov somereal im-
provemert with respect to the standard naive Bayesian classi er. Howewer, both
techniquesobtain this result at a considerablecomputational cost. In order to face
the computational complexity problem, Webb et al. [WBWO02] [WBW ss] proposed
a dierent approach named AODE, which works by averaging over all models in
which all attributes depend upon the classand a single other attribute. The result-
ing classi cation learning algorithm for nominal data is computationally e cien t
and achieves lower error rates. Experiments delivers comparable prediction accu-
racy to LBR and TAN with improved computational e ciency .
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2.3 The roles of data: units of analysis and units of
observation

In this thesis we try to further improve the expressienessof the naive Bayesian
classi er by facing the problem of naive Bayesianclassi cation taking the structure
of data into accourt.

The structure of data can be in various forms. In this work we consider two
common interpretations of structured data: the occurrence of relations between
categoriesof the units of analysis (categorization structure) or the occurrence of
relations betweenthe units of analysisand/or the obsenation units (unit structure).

Before formally describing the problems we face, some useful de nitions are
necessary In particular it is important to formally de ne the conceptsof unit of
analysis and unit of observation

A Unit of analysisis the obsenable ertit y that is analyzel in a statistical study
and to which the generalizationsmade by a statistical analysisapply.

This de nition cortrasts with the de nition of the Unit of obsenation that is
the ertit y which is obsened or about which information is systematically collected.
The unit of obsenation is the sameasthe unit of analysiswhen the generalizations
being madefrom a statistical analysisare attributed to the unit of obsenation (i.e.,
the objects about which data were collected and organizedfor statistical analysis).

The di erence betweenunits of analysisand units of obsenation is basically due
to the di erence betweenprimary and secondarydata. Primary data are originated
by the researter for the speci ¢ purposeof addressingthe researd problem. Typ-
ical methods for the collection of primary data are interviews (in sccial science)or
experimerts (in other scieri ¢ discipline).

Secondarydata are collected for somepurposeother than the problem at hand.
They generally are censusdata (in social science)or data published on researt
reports (in other scierti ¢ disciplines). Secondarydata are cheaper to collect and
sometimesthey are the only sourceof data whereit is possibleto conduct primary
researt on the topic of interest. The disadvantage related to secondarydata are
the validity (e.g collected questionnairesmay not be ideally worded for the researt
guestion at hand) and the corvergenceof a population di erent from that targeted
in a data mining task.

If units of obsenation always refer to primary researt (and henceto primary
data), the units of analysis strongly depend on the problem at hand. While the
units of obsenation and analysis are often the same, the wealth of secondarydata
sourcescreatesopportunities to conduct analysis with data from multiple units of
obsenation. This is probably most recognizablein researt elds, sud as Bioin-
formatics and spatial Data mining where secondarydata sourcesare consideredof
great relevancein the analysis of data.

Example 2.1 For instance, suppsethat, for a sccial survey, data albout each per-
sonin a dweling and information alout the housing structure are collected. There-
fore, this study collects data for two units of observation:

persons



Naive Bayesian Hierar chical Classifica tion 31

housing structures
From thesedata, di er ent units of analysis may be constructed:

Household could be examinead as a unit of analysis by combining data from
people living in the same dweling.

Family could be treated as the unit of analysis by combining data from all
memiers in a dweling sharing a familial relationship.

Example 2.1 shavs how the unit of analysis can be constructed from units of
obsenation consisting of sometype of relationship constructed by time, spaceor
sccial properties.

In traditional data mining relatively simple transformations are required to ob-
tain units of analysisfrom the units of obsenation explicitly storedin the database.
The unit of obsenation is often the sameas the unit of analysis, in which caseno
transformation at all is required. Conversely in this thesis we face the problem
of taking the structure into accourt. Where the structure is de ned in terms of
relations between units of analysis and/or units of obsenation and the relations
betweenthe units of obsenation. In the following section we take into accourt the
occurrence of relations between categoriesof the units of analysis (categorization
structure) and we propose a framework that supports the induction of statistical
models for hierarchical classi cation of ertities.

2.4 Classication in a Hierarc hy of categories

Most of researt in predictive Data Mining hasfocusedon classifying examplesinto
a set of categorieswith no structural relationships amongthem (at classi cation).
Howevwer, in many application domains, instances are organizedin a hierarchy of
categoriesin order to support a thematic seart by browsing topics of interests.
This is the caseof text classi cation or functional genomics.

Indeed, many popular seart enginesand text databasesarrangeinstances(doc-
uments) in topic hierarchies, such as Yahoo, Google Directory, Medical Subject
Headings(MeSH) in MEDLINE, Open Directory Project (ODP)? and Reuters Cor-
pusVolumel (RCV1). In functional genomics,atypical application is to predict the
functional classof a gene,where genesare organizedhierarchically. For examplein
the Munich Information Center for Protein SequencegMIPS) hierarchy 3, the top
level of the hierarchy hasclassesud as: "Metab olism", "Energy", "T ranscription"
and "Protein Synthesis". Each of these classesis iterativ ely subdivided into more
speci ¢ classessoto obtain a hierarchy which is up to 4 levelsdeep. An example of
a subclassof "Metab olism" is "amino-acid metabolism", and an example of a sub-
classof this is "amino-acid biosynthesis". An example of a genein this subclassis
YPR145w (genename ASN1, product "asparagine synthetase") [BBD * 02] [CKO1].

2ywww.dmoz.org
Shttp://mips.gsf.de/pro  jly east/catalogues/funcat/
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In all these applications pre-de ned categoriesare organizedin a hierarchical
structure (tree-like structure). Such a structure re ects relations between concepts
in the application domain covered by the classi cation.

This hierarchical arrangemer is essetial whenthe number of categoriesis quite
high and the use of a non-hierarchical classier (at classier) would lead to a
fragmertation of the class,producing many classeswith few members. Furthermore,
the hierarchical classi cation arrangesexamples hierarchically, thus supporting a
thematic seard by browsing topics of interests. The structural relationship among
categoriescan betakeninto accourt when devisingthe classi cation process.While
in at classication a given example is assignedto a category on the basis of the
output of oneclassi er, in hierarchical classi cation, the assignmen of an example
to a category can be done on the basis of the output of multiple setsof classi ers,
which are assaiated to dierent levels of the hierarchy and distribute examples
among categoriesin a top-down way. The advantage of this hierarchical view of the
classi cation processis that the problem is partitioned into smaller subproblems,
ead of which can be e ectively and e cien tly managed. Another motivation is
given by the obsenation that at di erent levels of the hierarchy the sameexample
can be represenied in a di erent way. In particular, it is possibleto give di erent
abstractions of the sameobject varying the level of the hierarchy (e.g. it is possible
to emphasizesomeattributes rather than others at di erent levelsof the hierarchy).

Howe\er, taking into accourt the hierarchy posesadditional issuesin the dewvel-
opmert of methods supporting hierarchical classi cation. First, instancescan either
be assiated to the leavesof the hierarchy or to internal nodes. Second,the set of
attributes selectedto build a classi er can either be category speci ¢ or the same
for all categories(corpus-based). Third, the training set assciated to eat cate-
gory may include or not training examplesof subcategories. Fourth, the classi er
may take into accourt or not the hierarchical relation between categories. Fifth,
somestopping criterion is required for hierarchical classi cation of new instancesin
non-leaf categories. Sixth, new performanceevaluation criteria are required to take
into accourt the di erent typesof classi cation errors.

Although there are seweral approadies that face the problem of hierarchical
classi cation [BBD* 02] [KS97] [MRMN98] [Mla98b] [DMSKO00] [DC00] [NGL97]
[RS0Z [WWP99], they are often strictly related to the application in hand and lack
of a generalapproac that is independert of the domain.

Here, we proposea generalframework for hierarchical classi cation. It supports
the changeof represeration of examplesat di erent levelsof hierarchy. The frame-
work includes a tree distance-basedthresholding algorithm for classifying instances
in internal categoriesof the hierarchy. Although it is applied to Naive Bayesclassi-
ers, it canbe alsoappliedto any classi er that returns a degreeof membership (e.g.
probabilistic and distance based) of an exampleto a category. The framework can
managea variety of situations in terms of hierarchical structure: examplescan be
assignedto any node in the hierarchy, somenodescan have no assaiated examples
and internal nodes can have only one child. In the next subsectionsthe proposed
framework is described and a complexity analysisthat formally provesthe its ef-
ciency is provided. Afterward, the proposedapproac is compared with related
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a)

b)

Figure 2.8: a) Hierarchical training set; b) proper training set.

works found in the literature. The empirical evaluation is reported in chapter 4 in
the context of automatic classi cation of documerts on the basis of their textual
content.

2.4.1 Hierarc hical classication: the framew ork

In our proposal, a classi er is learned for ead ead internal category c of the hi-
erarchy. This classi er is usedto decide, during the classi cation process,which
category ¢;, subcategory of c, is the most appropriate to receive the instance to
be classi ed. Thus, in the learning processse\eral classi ers have to be learned
from a set of examples. An important aspect in the learning phase concernsthe
training set. Indeed, for ead internal category, di erent opportunities to build a
training set are possible. In [CMO03], we identi ed two di erent approades. In the
rst approad, called Hierarchical Training Set, the training set includes examples
belongingto the subtree rooted in a category (positive examples)and examplesof
the sibling subtrees (negative examples). The secondalternativ e is called Proper
training set (SeeFigure 2.8), which include instances of a category (positive ex-
amples) and instancesof the sibling categories(negative examples). In this thesis
we only considerHierarchical Training Setsfor two reasons.In [CMO03], we already
showed that hierarchical training sets perform better than proper training setsin
the text categorization domain. Second,when no training exampleis assiated to
internal categories,proper training setscannot be used,sinceit would beimpossible
to build a classier.

A dierent issuewe face concernsthe represenation of training examples. In
the text categorization domain, Apté et al. [ADW94] proposetwo di erent types
of represenations: the samefeature vector for all categoriesor seeral specialized
feature vectorsfor di erent categories. The former is obtained by selectingfeatures
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from a universal set of features built by examining all examplesin the training
set, while the latter is obtained by selecting a feature set from se\eral local sets of
featuresbuilt for ead category by examining only examplesof that category.

It has beenobsened that increasing the number of categoriesleadsto an in-
creasein the number of necessaryfeatures [BL97a]. To keep the dimensionality
problem under cortrol, it is possibleto uselocal feature sets. On the other hand,
the uniguenessof the feature set permits the application of seweral statistical and
machine learning algorithms (e.g. nearest neighbour or naive Bayes classi er) de-
ned for multi-class problems. These algorithms are appropriate for single-class
categorization and are theoretically founded on the assumption that all examples
are points of the same(multidimensional) feature space.

In the corntext of hierarchical classi cation a di erent, somewhatintermediate,
solution can be adopted. Examples of both an internal category c and its subcate-
goriesare represetted by meansof the samefeature setin order to build a classi er
that assignsexamplesin c¢ to one of its direct subcategories. However, dierent
internal categoriesmay have di erent feature sets. In other terms, by taking into
accourt the hierarchy, it is possibleto de ne seeral represenations (sets of fea-
tures) for each example. Each represertation is useful for the classi cation of an
exampleat one level of the hierarchy.

For instance, examples of the general category Mammals can be well rep-
reserted by general features like has bones, while examples concerning speci c
classes(e.g., Cats) are better represerted by speci ¢ featureslike can mew. In
the caseof hierarchies represerting is-a relations between categories,this multiple
represertation of examplescorresponds to having several abstractions of the same
ertit y, ead of which is appropriate for a particular decisionproblem.

In our hierarchical categorization framework 2.9, we usethis multiple represen-
tation of examples,which permits the application of multi-class learning algorithms
for the induction of classi ers assaiated at ead internal node. The outputs of the
classi er assiated to the category c are the degreesof membership of the input
example to all direct subcategories. When the degreesof membership (or scores)
are all lower than the corresponding automatically detectedthresholds,the example
is assignedto the category c.

The classi cation of a new exampleis performed by searding the hierarchy of
categories. Seard proceedstop-down from the root to the leaves according to a
greedystrategy. When the examplereachesan internal categoryc, it is represened
on the basis of the feature set assa&iated to c. The classi er of category c returns
a score for ead direct subcategory Then, among subcategories whose score is
greater than the corresponding threshold, the onewith the highest scoreis chosen.
Seard proceedsrecursively from that subcategory, until no scoreis greater than
the corresponding threshold or a leaf category is reached. The last crossednode
in the hierarchy is returned as the candidate category for example classi cation
(single-category classi cation). If seart stops at the root, then the example is
consideredunclassi ed. It is noteworthy that the application of a classi er is always
precededby a changein the examplerepresenation accordingto the set of selected
features. Since selectedfeatures are expected to be more speci ¢ for lower levels
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categories,the exampleis represened at decreasinglevels of abstraction during the
classi cation process. This automated represenation changeis highly desirablein
hierarchical categorization.

Another noteworthy obsenation is that the application of an exhaustive searh
strategy would be incorrect in this framework, sincethe di erent represenations
of a example make the classi cation scoresincomparable acrossdi erent nodesin
the hierarchy. This is particularly evidernt for naive Bayesclassi ers since posterior
probabilities are de ned on di erent probability spaces®.

A special caseis represerted by categorieswith a unique direct subcategory A
probabilistic classi er would assigna unit probability to all examplesthat reach a
category ¢ with a single subcategory c® since no alternative to cis given. In this
case,the thresholding procedure cannot work properly: if the threshold is lessthan
one, all examplesthat reac ¢ would be passeddown to c® thus committing some
errors for those examplesthat actually belongto c; otherwise, no examplewould be
passeddown to c® thus committing someerrors for those examplesthat should be
actually classi ed in a subcategory of c. To avoid this problem, a dummy sibling
category of c® is introduced during the learning process. The training examples
assaiated to the dummy subcategory are only those ass@iated to ¢. The e ect is
that examplesof c can be consideredas negative examplesfor all subcategoriesof
c itself. Therefore, the prior probability of all direct subcategoriesof ¢ do not sum
to 1.0 sincethe possibility that the example belongsto no subcategory should be
taken into accourt. While the dummy categoryis usedduring the learning process,
it plays no role during the classication process,since scoresassaiated to the
dummy category are not considered. The assignmen of the exampleto c is based
only on the thresholds, whosebottom-up automated determination permits to take
into accourt the nal e ect of local decisionstaken by the classi er assaiated to c.

2.4.2 Automated threshold determination

As pointed out in the previous section, a classi er is learned for ead internal cate-
gory c of the hierarchy. This classi er is usedto decide,during the classi cation of a
new example,which category ¢ 2 Dir ectSubCategories(c) is the most appropriate
to receive the example. In general, however, an example should not be necessarily
passeddown to a subcategory of ¢c. This makessensein the casethat:

1. The example to be classi ed belongsto a general category rather than a
speci c category, or

2. The exampleto be classi ed belongsto a speci ¢ categorythat is not presen
in the hierarchy and makesmore senseto classify the examplein the general
category rather than in a wrong category.

To support the classi cation of examplesalso in the internal categoriesof the
hierarchy, it is necessaryto compute the thresholds that represen the minimal

4A probabilit y spaceis a triple (Space, S, P) on the domain S, where (S, S) is a measurable
space, S are the measurable subsetsof S, and P is a measureon S with P(S)=1. Dieren t features
sets assaiated to internal categories de ne di eren t measurable spaces
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Figure 2.9: Classication of a new instance. On the basis of the scoresreturned by the rst

classi er (associated to the category classl) the example is passed down to class1.2. The scores
returned by the secondclassi er (associated to the category classl1.2), are not high enough to pass
down the example to either class1.2.1 or class1.2.2. Therefore, the example is classied in the
classl.2 category.

score (returned by the classi er) suc that an examplecan be consideredbelonging
to a direct subcategory. More formally, let ¢ (d) denotethe score® returned by
the classi er assaiated to the internal category ¢ when the decision of classifying
the exampled in the subcategory c®is made. Thresholds are usedto decideif a new
testing example is characterized by a scorethat justi es the assignmem of such a
exampleto ¢ Formally, a new example d temporary assignedto a category ¢ will
be passeddown to a category c® if ¢ o(d) > The(c?, where The(c% represeits
minimal score sud that an example assignedto ¢ can be consideredbelongingto
.

The algorithm for automated threshold determination is basedon a bottom-up
strategy and tries to minimize a measurethat is basedon a tree distance.

Before describing the algorithm and the used measure, some useful notations
are introduced:

1. Training (c) is the set of positive examplesin the hierarchical training set of
category c;

S
2. Taining (c=g) = Training (c) Training (¢;)  Training (c)
cj 2Dir ectS ubC ateg ories (c)
is the set of positive examplesin Training (¢) but not in Training (¢;);

3. Dir ectSubCategories(c) is the setof direct subcategoriesof cin the hierarchy;

4. (c) = b o o(d)jd 2 Training (c)cisthe list of valuestaken by the classi er
for all examplesof category ¢; (or a subcategory);

5. ¢(: 6) = b o(d)jd2 Training (c=g)c is the list of values taken by the
classi er for each examplein c or a direct subcategory of ¢ di erent from c;;

5In the caseof naive BayesClassier . co(d) = Pc(c9d)
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6. V= () <(: g)sortedin ascendingorder;

The algorithm (seeAlgorithm 2.1 [MCLAO4]) takesin input the categoriesc and
c®, where ? is a child of ¢, and returns the threshold assaiated to c® (Th¢(cY).
The(cY) is determined by examining the sorted list V of classi cation scoresand by
selectingthe middle point betweentwo valuesin V sud that the expected error is
minimized. This error is estimated on the basisof the distance betweentwo nodes
in a tree structure (seeDe nition 2.1)

Algorithm 2.1 Automated Thresholdde nition algorithm for a category ¢
nd_thr esholds(c,c',thr esholdSet){
if not leaf(c') then
8c%92 SubClasseqc) //r ecursive bottom-up thresholddetermination
thresholdSet nd_thr esholds(c',c ,thresholdSet);
compute_and_sort(V,c,c";
The(c)  0;
bestError 1 ;
8k = 0;::;;jV]j { /lcho osea possiblethreshold
if k=0 then threshold VI[1] ;
elseif k=|V| then threshold  V[Kk];
elsethreshold  (V[K]+V[k+1])/2;
error  0; 8v2 (9 { //lc ompute tree distance-tasal errors
let d 2 Training (c9)s:tv = ¢ co(d)
if v > thr eshold then

eIror+ = yier ar chy (co) (Class(d); classif y(d;thr esholdSet; H ier ar chy(cY))

else

eIror+ = ier ar chy (c0) (Class(d); c);
}
8v2 (9

let d 2 Training (c=¢) sit: v= ¢ co(d)
if v > thr eshold then

eIrror+ = ier ar chy (c) (Class(d); classif y(d; thr esholdSet; H ier ar chy(c%)))

else
error+ = 0;
}
if error< bestError then //cho osethe hbest threshold
The(c®  threshold; bestError  error;

}
thr esholdSet[ f< ¢ The(c9) >;
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Denition 2.1 (tree distance)

Let Categories be the set of all the categories, the tree distance Hier archy IS
a function Hierarchy : Categories ! < that asswiates two categories ci;C, 2
Categories with a real value suchthat the following conditions are ful | led:

| 8c1;Cp 2 Categories 0= hierarchy (C1;C1)  Hier archy (C1:C2) = Hier ar chy (C2; C1)
Il 8cy;co 2 Categories : Hierarchy (€1,€2)=0=) =

[11 8cy;Cp;C3;Ca 2 Categories : wier archy (C15C2) +  Hier ar chy (C3; Ca)

maxf Hier archy (C1;C3)+ Hier archy (C2;C4); Hier archy (C1; Ca)* Hier ar chy (C2; C3)0

In a tree distance, the dissimilarity between two categoriesis reproduced as
the sum of the weights of all edgesof the (unique) path connecting the two cate-
goriesin the hierarchy [EMTB00]. When a unit weight is assaiated to eat edge
(as in our proposal) the dissimilarity is the length of the path. Intuitiv ely, the
automated thresholding algorithm tries to compute thresholds by minimizing the
distance betweenthe true classof an example and the classreturned by the hierar-
chical classi er.

The computation proceedsbottom-up, from leavesto the root. In [CMO03] a top-
down approac was proposed. However, this approad su ers from two problems:

It is consenative in the sensethat it tends to classify examplesin higher
categories;

When athreshold is de ned, it is not possibleto take into accourt the possibly
wrong decisionstaken by classi ers at lower levels of the hierarchy.

Another di erence is that in our previous work thresholds were determined by
maximizing the FSoore [Seb02 of the hierarchical classi cation on training exam-
ples. Although this approach gives promising results, it presens the limitation
that the distance between target and assigned categoriesin the hierarchy is not
consideredwhen a misclassi cation error occurs.

2.4.3 Learning Complexit y

In the hierarchical classi cation framework, the original learning problem is par-
titioned into smaller subproblemsead of which can be e cien tly managed. This
leadsto an e ciency gain, with respect to the at classier, that dependson the
number classesassiated to ead learned classi er. More formally, let

f (number of classesnumber of training examples,number of features) be the
learning complexity of a genericclassi cation algorithm.

r be the total number of classes
n be the number of training examples

a be the number of features
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d be the depth of the hierarchy

k number of children of a genericinternal node (for simplicity, in this analysis
we supposethat k is constart).

Then the complexity of a at classier is: f (r;n;a). For what concernsthe com-
plexity of the hierarchical framework, it is:

f (k;n;a) for the rst level;

k f(k;n=k;a) for the secondlevel, in the worst casethat all examplesare
classi ed in lower categories

k? f (k;n=k?;a) for the third level.

By generalizing,the complexity of the hierarchical framework is:

K'f (k; % a) (2.19)
i=1

If we usea naive Bayesclassi er, the complexity of the learning phaseis linear
in the number of training examples,in the number of features and in the number
of classedMit97]. In sudh a casethe time complexity of a at classier is

O(n ar) (2.20)

while in the caseof hierarchical framework, it is:

xXq xd
@) k' o k a =0 (n k a =0(d n k a) (2.21)

i=1 i=1
Both arelinear in the number of training examplesand in the number of features.
The di erence is that the complexity of a at classier is linear in the number of
classeswhile the complexity of the hierarchical framework is linear in the product
of the number of children of ead node and the depth of the tree. Under the
assumption of a balanced hierarchy with constart branching factor k, we have d =

logcr. Therefore the complexity of the hierarchical framework is
O(n a logr) (2.22)

Comparing the 2.22 with 2.20, we note that, in caseof naive Bayesian clas-
si cation, the hierarchical framework is particularly e cien t when the number of
categoriesis quite high. If we considerthat the Bayesianclassi er is particularly ac-
curate when the number of attributes is relatively small [DP97], we expect that the
naive Bayesianclassi er takesgreat advantage of the use of the Hierarchical frame-
work. This is con rmed by results on the application of the proposedalgorithm in
text categorization (seeSection4.1).
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2.4.4 Related Work

In the literature, seweral approaces have been proposedthat facethe problem of
hierarchical classi cation. Most of them have beenapplied in the context of text
categorization. They dier in terms of sewral aspectsthat principally involve the
de nition of the problem, the examplerepresertation and the learning strategy. As
for the de nition of the problem, a classi er that classi esexamplesinto L categories
can be formulated in two di erent ways: either a binary classi er is induced for each
category, or a 1-of-L (or multi-class) classi er is learnedto determine whether a new
example belongsto one of the L categories[Seb03. Our approac is basedon the
secondformulation.

As for the example represenation, ead example can be described by sewral
sets of features, eac of which is useful for the classi cation of the example at one
level of the hierarchy. In this way, general features and specic features are not
forced to coexist in the samefeature set.

As for the learning processi,it is possibleto considerthe hierarchy of categories
either in the formulation of the learning algorithm or in the de nition of the train-
ing sets. Training setscan be specializedfor ead internal node of the hierarchy by
consideringonly examplesof the sub-hierarchy rooted in the internal node (hierar-
chical training set). This is an alternative to using all examplesfor ead learning
problem likein at classi cation.

Some of these aspects have been consideredin related works. In particular,
in the seminal work by Koller and Sahami [KS97] a di erent feature set is built
for eath node in the hierarchy. For the learning step, two Bayesian classi ers are
compared, namely the naive Bayesand KDB [Sah9§. A distinct classi er is built
for ead internal node (i.e., split) of the hierarchy. In the classi cation step, which
proceedstop-down, it is usedto decideto which subtreeto sendthe new example.
There is no possibility of recovering errors performed by the classi ers assaiated to
the higher levelsin the hierarchy. Two limitations of this study are the possibility
of assaiating instancesonly to the leavesof the hierarchy and the e ectiv enessof
the learning methods only for relatively small vocabularies (<100 features).

McCallum et al. [MRMN98] proposed a method based on the naive Bayes
learner. A unique feature set is de ned for the ertire training set. Becauseof the
uniguenessof the feature set, Bayesian classi ers assaiated at internal nodes are
homogeneousand, as formalized by Mitc hell [Mit98] the hierarchical organization
of homogeneouslassi ers is equivalert to a single at classi er. In other terms, the
hierarchical structure would have no practical impact on the classi cation process.
This explains why, in the learning step, McCallum et al. usea statistical technique
known as shrinkageto smooth parameter estimates for lower-level categorieswith
parameter estimates for their ancestorsin the category hierarchy. For the classi-
cation step, the authors comparetwo techniques: exploring all possiblepaths in
the hierarchy and greedily selecting the most probable one/two branches as done
in [KS97]. Results showv that greedy selectionis more error prone but also more
computational e cien t. As in the previouswork, all examplescan be assignedonly
to the leavesof the hierarchy.
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Mladeni¢ [MIa98b] usedthe hierarchical structure to decomposea problem into
a set of subproblemscorresponding to categories(nodesin the hierarchy). For each
subproblem, a naive Bayesclassi er is built from a set of positive examples,which is
constructed from examplesin the corresponding category node and all examplesof
its subtrees,and a setof negative examplescorresponding to all remaining examples.
The set of features selectedfor ead category can be dierent. The classi cation
appliesto all the classi ers (nodes) in parallel, using somepruning of unpromising
nodes. In particular, an exampleis passeddown to a category only if the posterior
probability for that category is higher than a user-de ned threshold. Contrary to
the previous work, examplescan be assignedto any node of the hierarchy.

In the work by D'Alessio et al. [DMSKO00] examplesare assaiated only to leaf
categoriesof the hierarchy. Two setsof featuresare assaiated to eat category, one
is positive (features extracted from examplessof the category) while the other is
negative (features extracted from examplesof sibling categoriesin the hierarchy).
In addition to contributing to feature extraction, the training set is also usedto
estimate feature weights and a set of thresholds, onefor ead category Classi cation
in a given category is basedon a weighted sum of feature occurrencesthat should
be greater than the category threshold. Both single and multiple classi cations
are possiblefor eat testing example. The classi cation of a example proceedstop-
down either through a singlepath (one-of-L classi cation) or through multiple-paths
(binary classi cation). An innovative cortribution of this work is the possibility of
restructuring an initial hierarchy or building a new one from scratch.

Dumais and Chen [DCOQ] usethe hierarchical structure for two purposes.First,
to train sewral Support Vector Machines (SVM's), onefor ead intermediate node.
The setsof positive and negative examplesare constructed from examplesof cate-
goriesat the samelevel, and di erent feature setsare built, one for eat category.
Second,to classify examplesby combining scoresfrom SVM's at dierent levels.
Seweral combination rules are compared, somerequiring a category threshold to be
exceededo passa test exampledown to descendan categories. Multiple classi ca-
tion of a examplesis allowed for leaf categories,while the assignmei of an example
to intermediate categoriesis not considered.

In the system CLASSI by Ng et al. [NGL97], the hierarchical classi cation
of examplesis obtained by combining seweral linear classi ers according to a tree
structure (hierarchical classi er). The tree structure corresponds to the hierarchy
of categories,which meansthat a linear classi er is ass&iated to ead category.
The output of the classi er de nes a degree of membership of an example to a
category In the classi cation phasethe hierarchical classi er receivesan example
and chedks whether it belongsto any of the rst level nodes. If the tested example
activatesany of the rst level nodes,then the descendan categoriesof that node are
tested recursively. Multiple classi cations of examplesis allowed while classi cation
of examplesin non-leaf categoriesseemsnot to be supported. Weights of eadh
linear classi er are determined by meansof the perceptron learning algorithm. The
training set of eadh linear classi er includes all positive examplesof the assciated
category (i.e., no hierarchical training set) and some selected examples of other
categories.
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In the work by Ruiz and Srinivasan[RS02 a variant of the Hierarchical Mixture
of Experts (HME) model is used. A tree of badkpropagation neural networks is
used. Neural networks are of two types: experts and gates. The former take the
feature-vector represettation of an example as input and are trained to recognize
whether the example belongsto a speci ¢ category There are as many experts at
the leavesof this tree-structured classi er ascategories(leavesand non-leaves)in the
hierarchy. Gating networks are the internal nodes of the tree-structured classi er
and map the non-leaf categoriesof the hierarchy. They have two kinds of input:
the feature-vector represenation of an exampleand the output of the expert/gating
networks below in the tree. Their role is that of restricting the number of experts to
be activated for a given example. Indeed, the classi cation of an example proceeds
top-down in the tree of neural networks, starting from the gate at the root towards
the experts at the leaves. Multiple classi cation is supported. The gatesare trained
to recognizewhether or not any of the categoriesof their descendats is preser
in the example. The experts are trained to recognizethe presenceor absenceof
particular categories. Therefore, the set of positive examplesfor an expert includes
examplesof the uniquely assaiated category while the set of positive examplesfor
a gateincludesall training examplesof the set of assaiated categories. Someform
of ltering is usedfor negative examples,sinceunbalanceddata setsmay a ect the
learning capability of badkpropagation neural networks. Dierent feature setsare
selectedfor eadh expert and gating network. The proposed method is tested on
someMEDLINE records. Only categorieswith positive examplesare selected,since
this method cannot work when intermediate categorieshave no positive examples.

A hierarchical classi er combining several neural networks is also proposed by
Weigendet al. [WWP99]. Neural networks at internal nodes are meta-topic clas-
sier while those at the leaves are individual classiers. The method has been
devised and tested only on two-lewels hierarchies, although the extensionto more
than two levels should be straightforward. The dimensionality reduction of the
original feature spaceis obtained by meansof two statistical techniques: Latent Se-
mantic Indexing to transform the original feature setinto a new set of featuresthat
are a linear combination of the original features, and c2 statistics to selectthe most
discriminant features. Moreover, selectedfeature setscan either be speci ¢ for eath
category or unique for all categories. The former resulted in better performanceon
the Reuters dataset, thus empirically con rming Mitc hell's nding [Mit98] also for
classi ers basedon neural networks.

Blockeelet al. [BBD* 02] de ned a speci ¢ decisiontree induction algorithm for
the caseof hierarchical multi-category classi cation. In particular, the authors use
Clus in order to build predictive clustering trees. They usea distance measureto
support a Top-Down construction of trees. Examples can be assignedonly to the
leaves of the hierarchy.

Sun and Lim [SLO1] have proposedthe use of category-similarity measuresand
distance-basedmeasuresto consider the degree of misclassi cation in measuring
the classi cation performance. Experiments were performed on the Reuters-22173
collection with a SVMlight Version 3.50 implemented by Joachims [Joa)].
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2.5 Conclusions

In this chapter we formally de ned the classi cation problem in data mining. We
focusedthe attention on the naive Bayesianclassi cation that we deeply described.
Furthermore, we illustrate the classi cation problem when hierarchical relations be-
tweentarget categoriesare takeninto accourt. We alsoproposea generalframework
for hierarchical classi cation of examples. It can be applied to any classi er that
returns a degreeof membership, such as probabilistic or distance-basedclassi er.
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2.5 Conclusions




Chapter 3

Naiv e Bayesian
Multi-Relational Classi cation

In the previous chapter we considereda particular kind of structure, namely re-
lations between categoriesof the unit of analysis. In this chapter we consider a
dierent kind of structure, that is, the structure represened by the occurrenceof
relations betweenthe units of analysisand/or the units of obsenation. At this aim,
we resort to a new branch of data mining researd, namely multi-relational data
mining.

3.1 Multi-relational Data Mining

Multi-relational data mining is a new branch of data mining researt that can
deal with complex data where relations between units of analysis and/or the units
of obsenation are taken into account. In particular, looking at the problem in a
databaseprospective, multi-relational data mining overcomesthe problem of single
table assumption[Wro01] that assumeghat the training setcanbe represerted asa
singlerelational table, where eat row correspondsto an exampleand ead column
to a predictor variable or to the target variable. This assumptionis madein classical
data mining and seemsquite restrictive in somedata mining applications, where
data are stored in a database and are organized into seeral tables for reasons
of e cient storage and access. In this context, both predictor variables and the
target variable are represered as attributes of distinct tables (relations) evertually
related eat other by meansof foreign key constraints de ning a structure in the
data. Relational Data mining looks for patterns that involve multiple relations in
a relational database. It doesso directly, without transforming it in a single table
rst and then looking for patterns in it.

For example, supposewe have a databasestoring information about the access
and the use of a website. It stores information about users, sessions,available
servicesand requested services. An example of a database schema is shawvn in
gure 3.1.

For analysis purposes,suppose we are interested in statistics concerning ses-
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Figure 3.1: Simple schema of a database that stores information about the accessand the use of
a website

sions . This meansthat the sessions are our basic obsenable ertities in this sta-
tistical study (Units of Analysis). The simplest approact takesinto accourt data
stored in the table sessions From such data, traditional data mining algorithm

can producedi erent kinds of knowledge: classi ers, assaiation rules, clusters etc.

Howevwer, all extracted knowledge concernsonly information stored in the sessions
table.

Supposethat, in this study, we are interestedin taking into accourt other infor-
mation i.e. usersand type of requestedservices. Theseertities are not the principal
ertities in the study but are just collected usefulinformation (units of obsenation).
In order to take into account sudh information, we can add to the sessiongtable
as many attributes as we want: we might add a column represening the user's
courtry, we might add his sex and so on. Adding information about the user is
easyand straightforward (it is a simple JOIN operation), but the situation changes
when we add information about requestedservices.In this case,it is possiblethat,
in the samesessionthe userusesmore than one service.

In this case,the singletable assumptionturns out to be a se\ere limitation and
two alternativ es are possible. First, we could make one tuple for ead requested
servicein the sessionstable. Thus, if a userrequeststwo servicesin the samesession,
the sessionwill be represened by 2 tuples, ead duplicating both sessionand user
information. Obviously, this redundancy of data leadsto se\eral disadvantages:
there is a waste of spaceand an error in training data is duplicated.

In addition, from a statistical point of view, we are moving our unit of analysis
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from sessions to requests becauseead individual represens a requestand not
a session. Thus, our analysiswill be about requests, not sessions ,which is not
what we might want.

The secondalternativ e avoids the problemswith redundancy and multiple rows,
and thus allows analysis methods to operate properly. The method consistsin
creating a summarizing table that contains information about sessionsand users,
but also a simple summary of information about requestedservices(e.g. number
of requestedservices). Obviously, this alternativ e avoids problems of the rst one
at the expenseof information details. This approadc is known in the literature
as propositionalization and formally consistsin the construction of features that
capture relational properties of the learning examples[KLF01] [KRZ* 03]. In the lit-
erature, propositionalization is often related to the problem of feature construction
and predicate inverntion (in Inductiv e Logic Programming, ILP) [Sta9€. Howeer,
the output of a propositionalization algorithm is often a propositional table consist-
ing of a multitude of attributes that are often uselesdor learning. For this reason,
propositionalization is often followed by a feature selection processthat aims to
signi cantly reducethe number of features on which the propositional learning al-
gorithm works [ACRF04].

An alternativ e to the combined use of propositionalization and feature selection
is represetted by the Structural Approaches Structural approades take into ac-
court the structure of the original data and usethe databaseschemaasit originally
is, without transformations. Historically, structural approadcesare not new in the
Machine Learning researd and, in particular, ILP community has been working
for a number of years on a powerful represeration that allows to represen sud
information. In fact, ILP make useof rst order logic represeration formalism that
allows to represen both propositional and structure information. For example, a
possiblepattern an ILP system can discover is:

session(Sessionl D; Userl D; Connection_ Time; B rowser)
Connection_ Time > 3%
user(Userl D; N ame; Surname; Sex; Bir thday; Country);
Bir thday> %1=01=198C,
request(REQI D; Sessionl D; Pagel D; Outcome);
Outcome = ok’

ILP approadestypically work on a set of main-memory Prolog facts and facts
correspond to tuples stored on relational databases. In ILP systems, some pre-
processings requiredin order to transform tuples into facts. However, this hassome
disadvantages. First, only part of the original hypothesisspaceimplicitly de ned by
foreign key constraints can be represerted after somepre-processing.Second,much
of the pre-processingmay be unnecessarysincea part of the hypothesis described
by Prolog facts spacemay newver be explored, perhaps becauseof early pruning.
Third, in applications where data can frequertly change, pre-processinghasto be
frequertly repeated. Finally, database schemas provide the learning system free
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of charge with useful knowledge of data model that can help to guide the seardh
process. This is an alternativ e to asking the usersto specify a languagebias, such
asin ILP systems.

Typically, ILP methods are characterized by an approad which is purely logic-
based. Main issuesinvestigated in the formulation of these methods are gener-
alization models, generalization/specialization operators, folding/unfolding logical
theories, etc. In recert years the researt interests in ILP have moved towards
methods basedon a statistical approad, wherethe way of dealing with uncertainty
is a key issue. The main focus of this chapter is on these statistical approadces
which can be consideredan upgrade of statistical approachesin order to handle
relational data by meansof rst-order logic represenation.

In the following section we report some statistical methods that are able to
handle multi-relational data and in the subsequeh sectionswe proposetwo di erent
approadesrepresetting an upgrade of statistical methods and, in particular, naive
Bayesianclassi cation to the multi-relational setting.

3.2 Statistical approaches to multi-relational data
mining

In the literature, seweral approaces have been proposedthat facethe problem of
statistical classi cation in multi-relational data mining. They are mainly basedon
the upgrade of standard statistical approades suc as, Bayesian networks, deci-
sion trees, naive Bayesian, Markov networks and logistic regressionto the multi-
relational setting.

In this sectionwe briey review someof cardinal and well known approades.

Probabilistic Relational Models (PRMs) [TSKO01] [FGKP99b] extend the stan-
dard attribute-based Bayesian Network represenation (see2.1.7)to incorporate a
much richer relational structure. In particular, these models allow properties of
an entity to depend probabilistically on properties of other related ertities. In the
learning task, like Bayesian Networks, PRMs have two variants: parameter esti-
mation and structure learning. In the parameter estimation task, the qualitativ e
dependencystructure is assumedto be known, sothe input consistsof the schema
and the training databaseaswell as a qualitativ e dependencystructure. The para-
meter learning task consistsin lling in the parametersthat de ne the conditional
probability distributions of the attributes. In the structure learning task, the goalis
to extract an ertire PRM from the training databasealone. This learning problem
is at least as hard as BayesianNetworks, thus, to keepthe computational complex-
ity under corntrol, a heuristic seard is used. The seardt is basedon a Bayesianscore
de ned asthe probability that the structure is adequate,giventhe data. The searh
is structured sothat it rst exploresdependencieswithin ertities, then betweenen-
tities that are directly correlated, then betweenertities that are two links apart and
soon. An improved versionof PRMs is represerted by SRMs (Statistical Relational
Models) [Get01d. Dierently from PRMs, SRMshave a di erent semariics and are
able to capture tuple frequenciesin the database.



Naive Bayesian Mul ti-Rela tional Classifica tion 49

Taslar et al., in 2002 [TAKO02] proposedRelational Markov networks (RMNSs).
RMNs are a relational extension of discriminativ ely trained Markov networks. In
particular, RMNs compactly de ne a Markov network over a relational dataset. The
graphical structure of an RMN is basedon the relational structure of the domain. In
this approad, the use of undirected graphical models avoids the di cult y of de n-
ing a coherent generative model for graph structures in directed models, increasing
in exibilit y. The parameter estimation usesconjugate gradient combined with ap-
proximate probabilistic inferencebasedon the belief propagation usedin Bayesian
Networks. In RMNs, however, the structure of learning domain, determining which
direct interactions are explored, is prespeci ed by the relational template. This pre-
cludesthe discovery of deeper and more complexregularities than other approadces.

Relational Bayesian Classi er (RBC) [NJGO3] is a simple modi cation of the
naive Bayesian classi er that allows to deal with relational data. The approac
is based on the transformation of the original database schemain a single table
containing multisets (which is not in rst normal form). The resulting table is used
in the classicalnaive Bayesianprobability estimation. Multisets conditional proba-
bilities are estimated by simple approaches, namely Averagevalue, Independert
Value and Average Probability. The averagevalue estimator corresponds to
attening the data by averaging. The Independen Value estimator provides to
duplicate instancesassumingthat ead value of a multiset is independertly drawn
from the samedistribution. The averageprobability estimator usesprobabilities
estimated with the previous estimator and computesthe mean of the conditional
probabilities over the multiset. This approadc, however, hasa limited represenation
power, in fact, it cannot represern more than two links apart.

Ngo and Haddawy proposeda languagefor represerting context-sensitive proba-
bilistic knowledgeand provided a declarative semariics for their Probabilistic Logic
Programs (PLPs) [NH97]. PLPs are a rst order extension of Bayesian networks.
A similar approad has beenproposedby Kersting and De Raedt who introduced
Bayesianlogic programs[KDO0O]. Bayesianlogic programsare a reformulation and a
simpli cation of probabilistic logic programs [NH97]. The added value in Bayesian
logic programs concerneshe fact that they can sere asa kind of commonkernel to
other approachesthat combine rst order logic with Bayesian networks (as PRMs
and PLPs) becausethey can essetially be usedto represen the sameknowledge.

Blockeel and De Raedt proposedthe system TILDE (Top-Down induction of
rst order decisiontrees) [BD98]. TILDE is an upgrade of a propositional decision
tree learnerto rst order logic. In particular, C4.5 [Qui86] for binary classi cation
is a special caseof TILDE. TILDE is the result of a study that aimedto make useof
top down induction of decisiontreesin ILP. This study shavsthat rst order logical
decisiontrees (induced by TILDE) are more expressiwe than the at non-recursive
logic programs induced by typical ILP systemsfor classi cation tasks.

Neville and her colleaguegproposedRelational Probability Trees(RPTs) [NJFHO3].
RPTs extend standard probability estimation trees to a relational setting. The
proposedalgorithm learnsthe structure and the parametersof an RPT by seard-
ing over a spaceof relational featuresthat useaggregatefunctions to dynamically
propositionalize relational data and create binary splits.
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Pompe and Kononenlo [PK95] proposeda method basedon a two-step process.
The rst step usesthe ILP-R system [PK94] to learn a hypothesisin the form of a
set of rst-order rules and then, in the secondstep, the rules are probabilistically
analyzed. During the classi cation phase,the conditional probability distributions
of individual rules are combined naively accordingto the naive Bayesianformula.

Flach and Lachiche proposeda similar two-step method, howewer, unlike the
previous one, there is no learning of rst-order rulesin the rst step. Alternativ ely,
a set of patterns (rst-order conditions) is generatedthat are used afterwards as
attributes in a classicalattribute-v alue naive Bayesian classi er [FLO4]. 1BC, the
systemimplementing this method, views individuals as structured objects and dis-
tinguishesbetweenstructural predicatesreferring to parts of individuals (e.g. atoms
within molecules),and properties applying to the individual or one or seeral of its
parts (e.g. a bond betweentwo atoms). An elemerary rst-order feature consists
of zero or more structural predicatesand one property.

An ewlution of 1BC is represerted by the system1BC2 [FLO04] [LF03a], whereno
preliminary generationof rst-order conditions is presen. Predicateswhoseproba-
bilities have to be estimated are dynamically de ned on the basisof the individual
to classify Therefore, this is a form of lazy learning, which defersprocessingof its
inputs (i.e., the estimation of the posterior probability according to the Bayesian
statistical framework) until it receives requestsfor information (the class of the
individual). Computed probabilities are discarded at the end of the classi cation
process.Probability estimatesare recursively computed.

Popesculet al. 2003 proposedStr uctural  Logistic Regression . In partic-
ular, their approad integrates classicallogistic regression(Seesection 2.1.3) with
feature generation from relational data. The feature generation processis de ned
asthe seard in the spaceof relational databasequeries. The seard is basedon a
top-down approac that applies re nement operators. The seart is performed by
meansof a breadth- rst algorithm and is guided by heuristics basedon statistical
criteria. In re nements of queries, cyclic paths are not supported and aggregating
operators are also used. The approac has beenusedin link prediction. An in-
teresting aspect of such a method is that it provides a generalframework in which
dierent continuous outcome methods can be included (For example, Poissonre-
gression,linear regressionetc.).

In the literature seweral multi-relational data mining approacesfor regression
tasks have also beenproposed. Someexamplesare: FORS [Kar95] [KB97], FFOIL
[Qui96], SRT [Kra96], S-CART [Kra99] [KWO0la] and TILDE-R T [Blo98] and nally ,
our proposal Mr-SMOTI [ACMO03]. Howevwer, it is out of the scope of this thesisto
describe these approachesin depth.

3.3 A Multi Relational approach for Naiv e Bayesian
Classi cation: Mr-SBC

In classical classi cation stetting, data are generatedindependertly and with an
identical and unknown distribution P on somedomain X and are assaiated with



Naive Bayesian Mul ti-Rela tional Classifica tion 51

a value in somedomain Y accordingto an unknown function g. The domain of g is
spannedby m independen (or predictor) random variables X; (both numerical and
categorical), that is X = X1 X, Xm , the goalis to predict the dependent

learning algorithm takesa training sampleS = f(x;y) 2 X  Yjy = g(x)g asinput
and returns a function f which is hopefully closeto g on the domain X .

According to section 2.2, a well-known solution to classi cation is represerted
by the Naive Bayesian Classi ers, which aim to classify any x 2 X is the class
maximizing the posterior probability P (C;jx) that the obsenation x is of classC;,
that is:

f(x) = argmax; P(Y = CijX1 = X1;X2 = X2;:5:Xm = Xm)
i= 1L

By applying the Bayestheorem, P (C;jx) can be reformulated as follows:

P(Y = CijX1= x1;X2 = X2, Xm = Xm) =
o P(X1=x1;X2= X2, Xm = Xm]Y = C)P(Y = Cj)
r .
jL:1 P(X1=X1;X2= X2, Xm = Xm]Y = C)P(Y = ;)

where the term P(xjC;) is in turn estimated by meansof the naive Bayes as-
sumption:

y
P(X1=X;X2= X0, Xm = XY = G) = P(X1=xijY = Cy) (3.2)
j=1

Thus, the discriminant function is:

f (x) = argmax; P(Y = Ci)Yn P(X1=x4)Y = C) 3.2)
j=1
We already discussedthis assumptionin section 2.2.3 and, citing someseminal
works, we obsened that, even in the casethat the independenceassumption is
violated by awide margin, the naive Bayesianclassi er can give good results [DP97].
In this chapter, we presen a new approad to the problem of learning classi ers
from relational data. In particular, we intend to extend the naive Bayesclassi er to
the caseof relational data. Our proposalis basedon the induction of a set of rst-
order classi cation rules in the context of naive Bayesian classi cation. Studies
on rst-order naive Bayes classi ers have already beenreported in the literature
(seesection 3.2). In particular, Pompe and Kononenlo [PK95] proposedtheir own
method and Flach and Lachiche [FLO4] proposedtwo methods: 1BC and 1BC2.
An important aspect of both Pompe and Kononenlo's approach and 1BC, is that
they keepthe phasesof rst-order rules/conditions generation and of probability
estimation separate. In particular, Pompe and Kononenlo use ILP-R to induce
rst-order rules [PK94], while 1BC usesTERTIUS [FLOO] to generate rst order
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features. Then, the probabilities are computed for ead rst-order rule or feature.
In the classi cation phase,the two approaces are similar to a multiple classi er
becausethey combine the results of two algorithms. However, most rst-order
featuresor rules sharesomeliterals and this approad takesinto accoun the related
probabilities more than once. To overcomethis problem it is necessaryto rely on
an integrated approad, sothat the computation of probabilities on sharedliterals
can be separatedfrom the computation of probabilities on the remaining literals.

Systemsimplemerting one of the three approacesabove work on a set of main-
memory Prolog facts. In real-world applications, where facts correspond to tuples
stored on relational databases,some pre-processingis required in order to trans-
form tuples into facts. Howewer, this has somedisadvantages. First, only part of
the original hypothesis spaceimplicitly de ned by foreign key constraints can be
represened after somepre-processing. Second,much of the pre-processingmay be
unnecessary since a part of the hypothesis described by Prolog facts space may
never be explored, perhapsbecauseof early pruning. Third, in applications where
data can frequertly change, pre-processinghasto be frequertly repeated. Finally,
databasesthemasprovide the learning system free of charge with useful knowledge
of data model that can help to guide the seard process. This is an alternativ e to
asking the usersto specify a languagebias, such asin 1BC or 1BC2.

A di erent approac hasbeenproposedby Getoor [Get01lg wherethe Statistical
Relational Models (SRM) (see section 3.2) are learned taking advantage of the
tight integration with a database. Howewver, SRMs are models basedon Bayesian
Networks. The main dierence is that the input of a SRM learner is both the
relational schema of the database and the tuples of the tables in the relational
schema.

In this chapter the systemMr-SBC (Multi-Relational Structural BayesianClas-
sier) [CAMO3] is preseried. It implements a new learning algorithm basedon an
integrated approad of rst-order classi cation rules with naive Bayesianclassi ca-
tion, in order to separatethe computation of probabilities of shared literals from
the computation of probabilities for the remaining literals. Moreover, Mr-SBC is
tightly integrated with a relational databaseasin the work by Getoor, and handles
categorical as well as numerical data through a discretization method.

In the next subsectionthe problem is introduced and de ned. The induction
of rst-order classi cation rules is presered in the following subsection,afterwards
the discretization method is explained and the classi cation model is illustrated.
Finally, experimental results are reported in section4.1, in the context of documert
engineeringand in section 5.1 in other application domains.

3.3.1 Formal De nition of the problem

In traditional classication systemsthat operate on a single relational table, an
obsenation (or individual) is represented as a tuple of the relational table. Con-
versely in Mr-SBC, which induces rst-order classi ers from data stored in a set

target relation TR joined with all the tuples in T which are related to t following a
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Figure 3.2: An example of arelational representation of training data of the Mutagenesis database

foreign key path. Formally, a foreign key path is de ned as follows:

De nition 3.1 A for eign key path is an ordered sqguene of tables# = (T;,; Ti,;:::;Ti.),
where

8]

18T, 2T
8 = Liys LT, hasa foreign keyto the table T;,

In Figure 3.2 an example of foreign key paths is reported. In this case, S=
{MOLECULE, ATOM, BOND} and the foreign keysare: A M_FK, B M _FK,
A_A FK1, A_A FK2. If the target relation T is MOLECULE then v e foreign
key paths exists. They are:

(MOLECULE)

(MOLECULE, ATOM)
(MOLECULE, BOND)
(MOLECULE, ATOM, BOND)
(MOLECULE, ATOM, BOND)

The last two are equal becausethe bond table has two foreign keys referencingthe
table atom.
A formal de nition of the learning problem solved by MR-SBC is the following:
Given:

of a relational databaseD.
A set of primary key constraints on tablesin T.

A set of foreign key constraints on tablesin T.
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A target discrete attribute y in TR, di erent from the primary key of TR.

Find:

A naive Bayesian classi er which predicts the value of y for some individual
represened as a tuple in TR (with possibly UNKNO WN value for y) and related
tuples in T accordingto foreign key paths.

3.3.2 Generation of rst-order rules

| anindividual to beclassi ed and de ned asabove. The individual canbe logically
represened asa set of ground facts, the only exception being the fact assaiated to
the target relation TR, where the argumert corresponding to the target attribute
y is a variable Y. A rule R; 2 R%covers|, if a substitution  exists, such that
R; I . The application of the substitution to | is required to ground the only
variable Y in | to the sameconstart asthat reported in R; for the target attribute.
Let R be the subsetof rulesin R°that cover |, that isR = fR; 2 RYR; cowers | g.
The rst-order naive Bayesclassi er for the individual 1, f (1), is de ned asfollows:

P(C)P(RjCi)

f (1) = argmax;P(C;jR) = argmax; P(R)

(3.3)
The value P (C;) is the prior probability of the classC;. SinceP (R) is indepen-
dent of the classC;, it doesnot a ect f (1), that is,

f (1) = argmax; P(Ci)P(RjCj) (3.4)

The computation of P(RjC;) depends on the structure of R. Therefore, it is
important to clarify how rst-order rulesare built in order to assaiate them with a
probability measure. As already pointed out, Pompe and Kononenlo usethe rst-
order learning system ILP-R to induce the set of rules R®. This approad is very
expensive and doesnot take into accourt the bias automatically determined by the
constraints in the database. On the other hand, Flach and Lachiche use Tertius to
determine the structure of rst-order featureson the basisof the structure of the
individuals. The systemTertius dealswith learning rst-order logic rules from data
lacking an explicit classi cation predicate. Consequetly, the learned rules are not
restricted to predicate de nitions asin supervisedinductiv e logic programming. Our
solution is similar to that proposedby Flach sincethe structure of classi cation rules
is determined on the basisof the structure of the individuals. The main di erence,
in the construction of rules, is that the classi cation predicate is considered.

All predicatesin classi cation rules generatedby Mr-SBC are binary and can
be of two di erent types.

De nition 3.2 A binary predicate p is a structur al predicate asswiated to a
table T; 2 T if a foreign key FK in T; exists that referenaes a table T;; 2 T.
The rst argument of p representsthe primary key of T;; and the second argument
representsthe primary key of T;.
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Denition 3.3 A binary predicate p is a property predicate assaiated to a table
T, 2 S, if the rst argument of p representsthe primary key of T; and the second
argument representsanother attribute in T; which is neither the primary key of T;
nor a foreign keyin T;.

De nition 3.4 A rst order classi cation rule asseiated to the foreign key path #
is a clausein the form:

Po(A1;Y) i P1(A1;A2);P2(A2;Az);iiiPs 1(As 1;As); Ps(As; C)
. Wher

1. po is a property predicate assaiated to the target table TR and to the target
attribute .

2. #= (Ti;; Ti,; 5 Ti,) is a foreign key path suchthat for eachk = 1;::5;5 1,
px is a structural predicate ass@iated to the table T;,

3. ps is a property predicate asswiated to the table T;_.
An example of a rst-order rule is the following:
molecule_Label(A; active) : molecule_ Atom (A; B); atom_ Type(B:°[22:27]):

Mr-SBC seardies all possible classi cation rules by means of a breadth- rst
strategy and iterates over somere ning steps. A rening step is biased by the
possibleforeign key paths and consistsof the addition of a newliteral, the uni cation
of two variables and, in the caseof a property predicate, in the instantiation of a
variable. The seart strategy is biased by the structure of the database because
ead re ning step is made only if the generated rst-order classi cation rule can be
assaiated to a foreign key path. However, the number of re nement stepsis upper
bounded by a user-de ned constart MAX_LEN P ATH.

3.3.3 Discretization

In Mr-SBC continuous attributes are handled through supervised discretization.
Supervised discretization methods utilize the information on the class labels of
individuals to partition a numerical interval into bins. The proposed algorithm
sorts the obsened values of a cortinuous feature and attempts to greedily divide
the domain of the cortinuous variable into bins, such that ead bin contains only
instancesof one class. Sincesuct a scheme could possibly lead to one bin for ead
obsened real value, the algorithm is constrained to merge bins in a secondstep.
Merging of two cortiguous bins is performed when the increaseof ertropy is lower
than a user-de ned threshold (MAX_GAIN). This method is a variant of the one-
step method 1RD by Holte [Hol93] for the induction of one-leel decisiontrees, that
proved to work well with the Naive Bayes Classi er [DKS95]. It is also dierent
from the one-stepmethod by Fayyad and Irani [FI94] that recursively splits the
initial interval accordingto the classinformation entropy measureuntil a stopping
criterion basedon the Minimum Description Length (MDL) principle is veri ed.
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3.3.4 Computation of Probabilities

Accordingto the naive Bayesassumption, the attributes are consideredindependert.
Howewer, this assumptionis clearly falsefor the attributes that are primary keysor
foreign keys. This meansthat the computation of P(RjC;) in equation 3.4 depends
on the structures of rulesin R. For instance, if R; and R, are two rules of classC;,
that sharethe samestructure and dier only for the property predicatesin their
bodies

R1: 10! 1150 1ka 1 Lks
R2: 20: 21755 2ki 1 2k,
where
Ki=K, and L1521 127 2205 ks 17 2k, 1
then

P( ok, \ 2k, wo\ (s 1k, D)V G)=

P( ki oV (zess 1k, DV G) PC ok, 1o\ (nsn 1k, )V G)

According to this approadc the conditional probability of the structure is com-
puted only once. This approac di ers from that proposedin the works of Pompe
and Kononenlo [PK95] and Flach and Lachiche [FL04] where the factorization
would multiply the structure probability twice.

By generalizingto a set of classi cation rules we have:

P(C)P(RjCi) = P(Ci)P(structure)Y P (R;jjstructure) (3.5)
i
where the term structure takesinto accourt the classC; and the structures of
the rulesin R.
If the classication rule R; 2 Risinthe form j.o: 1305 jk; 1 jik;
where j.0and j., are property predicatesand j.1; j.2;:5 jk; 1 arestructural
predicates, then;

P(Rjjstructure) = P( i, j:05 j:1oi ik, 1) = POy, JCiv jinin ik, 1)

where C; is the value of the target attribute in the head of the clause( j.0). To
compute this probability, we usethe Laplace estimation:

P( ik, iCii i ik, 1) =

whereF is the number of possiblevaluesof the attribute to which the ., property
predicateis assaiated. Laplace'sestimateis usedin order to avoid null probabilities
in the equation 3.5. In practice, the value at the nominator is the number of
individuals which satisfy that conjunction ., ;Ci; 1555 jk; 1,in other words,
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the number of individuals covered by the rule . : L Sh oK 1 ke Itis
determined by a selectcount (*) SQL instruction. The value of the denominator
is the number of individuals coveredby the rule j.o: 155 ji; 1

The term P(structure) in the equation 3.5 is computed as follows:
Let B={( .1, j:2,-.+s ju)ij=l.sand t=1, ..,K; 1} the set of all distinct se-
guencesof structural predicatesin the rules of R. Then

Y
P (structure) = P(seg (3.6)
seq2B

To compute P(seq) it is necessanyto introduce the de nition of the probability
JP that a join query is satis ed [GetOld. Let #=(T;,, Ti,,..., Ti,) be a Foreign
Key Path, then:

_ oy = (T T
JP(# )—\]P(T |1""’T|s) - ]1—|1]1—J-|—|S]
where. / (T;, = Ti.) isthe result of the join betweenthe tables T;,;:::; Ti..
We must remember that ead sequencesq] is assaiated to a foreign key path
#. If seg=( j;1, j;2, ---, jt) there are two possibilities: either a pre x of sey is in

B or not. By denoting as T, the table related to ;;,, h=1,. .., t, the probability
P(seq) can be recursively de ned as follows:

8
< JP(T. ;:5T;,) if seqhasnoprex in B

J1?

P(SGG) = : JP(TM;:::;T][)

5 (5e00) if sed is the longestpre x of seqin B

This formulation is necessaryin order to compute the formula 3.6 considering
both dependert and independert everts. SinceP(structure) takesinto accourt the
class,P(seq) is computed separately for eat class.

3.3.5 Learning Complexit y

In order to evaluate the time complexity of the proposedalgorithm, we rst de ne
someuseful variables. Let

k be the number of tables that are related to another by meansof a foreign
key.

h be the number of attributes per table.
n be the number of tuples in a table
g be the number of di erent valuesper attribute

For simplicity, in this analysis we supposethat k, h, n and g are constart and do
not depend on the table. We are aware that this is a strong assumption, but in the
worst caseanalysis we can take the valuesof that variables suc that the resulting
cost complexity function is an upper bound of the real one (e.g. we can assume
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that k is the maximum number of tables that are related to another by meansof a
foreign key).

In the computation of P (structur €), if we considerthe worst case,that is, when
the all intermediate tables have no attributes and structural intermediate proba-
bilities have not beenalready computed before, we have that the time complexity
is:

0 for the target table
k join_complexity for the tables at distance 1 from the target table.

k? join_complexity for the tables at distance 2 from the target table.

k' join_complexity for the tables at distancei from the target table.
In the worst case,a join among p tables, is computed in time nP, thus the time

complexity is:

M AX 7L§(N7PAT H
ki n|+1
i=1

this meansthat the complexity of computing P (structure) is

O(kMAX_LE N_PATH M AX _LE N_PATH+1) (37)

n

In the computation of Qj P (R; jstructur €) we have:
h g for the target table
h g k for the for the tables at distance 1 from the target table.

h q k2 for the for the tables at distance 2 from the target table.

h q k' for the for the tables at distancei from the target table.
The complexity of the computation of Qj P (R;jstructure) is:

O(h q kMAX_LE N_PATH) (38)
By summarizing and combining the two componerts, we have that the complexity

is:

O(h q kMAX_LEN_PATH MAX_LEN_PATH+1) (39)

n

This meansthat the complexity strongly dependsonthe MAX _LEN_PATH
constart. When the maximum number of tables involved in a foreign key path is
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three, the complexity is O(h q k2 n?%), that is, quadratic in the number of foreign
keys betweentables and cubic in the number of tuples composing ead table.

However, this is the most pessimisticcaseand, in general,the complexity mainly
derivesfrom queriessimilar to:

select count(*) from tablel, table2 where tablel.id=table2.id1l and...

wherein the join, at leasta primary keyisinvolved. Such queriesaree cien tly man-
agedby DBMSs that automatically createindexesbasedon hashtables. Therefore,
the useof a DBMS strongly increasese ciency of the learning algorithm.

In the next section we proposeto substitute the breadth- rst strategy with a
seart biasedby assaiation rulesin order to strongly reducethe beamof the seard.

3.4 Associativ e Classi cation in Multi-relational Data
Mining

Another form of structural learning is represenied by the possibility to take into

account both the structure in the attribute domains and the structure implicitly

de ned by relations betweenunits of analysisand units of obsenation.

This problem s particularly saliert in a particular branch of data mining, namely
Spatial Data Mining. In Spatial Data Mining, training data consists of multi-
ple target spatial objects (units of analysis), possibly spatially-related with other
non-target spatial objects (units of obsenation). The goal is to learn the concept
assaiated with ead classon the basis of the interaction of two or more spatially-
referencedobjects or space-degnden attributes, accordingto a particular spacing
or set of arrangemernts [Kop994.

Indeed, mining classi cation models in spatial data mining preseris two main
sourcesof complexity, that is, the implicit de nition of spatial relations and the
granularity of the spatial objects. The former is due to the fact that the geomet-
rical represertation (e.g. point, line, and region in a 2D context) and the relative
positioning of spatial objects with respect to somereferencesystem, de ne implic-
itly spatial relations of di erent nature, such as directional or topological. Mod-
eling these spatial relations is a key challengein classi cation problems that arise
in spatial domains [SSV' 02]. Indeed, both the attribute values of the object to
be classi ed and the attribute values of spatially related objects may be relevant
for assigningan object to a classfrom a given set of classes.The secondsource of
complexity refersto the fact that spatial objects can be described at multiple levels
of granularity. For instance, UK censusdata can be geo-referencedvith respect to
the hierarchy of areal objects:

ED (enumeration district) ! Ward ! District | Country

basedon the inside relationship betweenlocations. Therefore, somekind of taxo-
nomic knowledge of task-relevant geographiclayers may also be taken into accourt
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to obtain descriptions at di erent granularity levels (multiple-level classi cation).

In this sessionwe proposea classi cation method [CAMO04] basedon a multi-
relational approad that takes spatial relations into accourt. It can perform the
classi cation at dierent levels of granularity and takes advantage from domain
speci ¢ knowledge expressedin form of rules to support qualitativ e spatial reason-
ing. In this way, the proposedmethod can deal with both sourcesof complexity
preseried above.

Di erently from the approac proposedin section 2.4, here we do not only con-
sider the hierarchical structure in the domain of categoriesof the units of analysis,
but also the hierarchical nature of domainsin units of obsenation. Furthermore,
dierently from Mr-SBC (seesection 3.3), where classi cation rules are extracted
by meansof a breadth rst strategy, in this section we proposeto generate classi-
cation rules by meansof a spatial assaiation rule discovery system characterized
by the capability of generatingassaiation rules at multiple levelsof granularity. As
in Mr-SBC, classi cation is basedon the extension of the naive Bayesian classi er
to multi-relational data.

3.4.1 Associativ e Classi cation for Spatial Data Mining

The problem of classifyingspatial objects hasbeeninvestigatedby someresearters.
Ester et al. [EKJ97] proposeda neighbourhood graph basedextension of decision
trees that considersboth non-spatial attributes of the classi ed objects and rela-
tions with neighbouring objects. Howewer, the proposedmethod doesnot take into
accourt hierarchical relations de ned on spatial objects as well as non-spatial at-
tributes (e.g. number of residents) of neighbouring objects. In corntrast, Kopersky
[Kop99h described an e cien t method that classi es spatial objects by considering
both spatial and hierarchical relations between spatial objects and takes into ac-
count non-spatial attributes for neighbouring objects. However this method su ers
from sewere limitations due to the restrictive represertation formalism known as
single-table assumption (seesection 3.1). More speci cally, it is assumedthat data
to be mined are represerted in a single table of a relational database, such that
ead row (or tuple) represens an independert unit of the sample population and
columnscorrespond to properties of units. This requiresthat non-spatial properties
of neighboring objects be represerted in aggregatedform causinga consequeh loss
of information and a changein the units of analysis.

In [MEL * 03], the authors proposedto exploit the expressiwe power of predicate
logic to represen both spatial relations and background knowledge, such as spatial
hierarchies. In addition the logical notions of generality order and of downward
re nement operator on the spaceof patterns may be pro tably usedto de ne both
the seart spaceand the seard strategy. For this purpose,the ILP system ATRE
[Mal03] hasbeenintegrated in the data mining serwer of a prototypical Geographical
Information System (GIS), named INGENS, which allows, among other things, to
mine classi cation rules for geographicalobjects stored in an object-oriented data-
base. Training is basedon a set of examplesand courterexamples of geographic
conceptsof interest to the user (e.g., ravine or steepslopes). The rst-order logic
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represenation of the training examplesis automatically extracted from maps, al-
though it is still cortrolled by the userwho can selecta suitable level of abstraction
and/or aggregationof data by meansof a data mining query language[MA CO03].

Similarly, the discovery of spatial assaiation rules, that is, spatial and a-spatial
relationships amongspatial objects, hasbeeninvestigatedboth in propositional and
multi-relational setting. A spatial assaiation rule is arule of the form P ! Q (s;c)
such that both P (body) and Q (head) are sets of literals, someof which refer to
spatial properties,and P\ Q = . P[ Q isnamedpattern. The support s estimates
the probability p(P [ Q), while the con dence ¢ estimatesthe probability p(QjP).

Koperski and Han [KH95] implemented the module Geo-assaiator of the spatial
data mining system GeoMiner that mines rules from data represened in a single
relation (table) of a relational database. In cortrast, in [LM04], the authors pro-
posedan ILP approach to spatial assaiation rulesdiscovery. The algorithm SPADA
(Spatial Pattern Discovery Algorithm) reported in their work, allows the extraction
of multi-lev el spatial assaiation rules, that is, ass@iation rules involving spatial
objects at di erent granularity levels. SPADA has beenimplemented as a module
of the system ARES (Association Rules Extractor from Spatial data) [ACL* 03],
which also supports usersin the complex processesof extracting spatial objects
from the spatial database,specifying the badground knowledge on the application
domain and de ning a seard bias.

Despite the fact that spatial assaiation rule mining is a descriptive task, while
classi cation of spatial objects is a predictive task, recert studiesin Data Mining
and Machine Learning have investigated the opportunity of combining assaiation
rules discovery and classi cation, by taking advantage of employing assaiation rules
for classi cation purpose[DZWL99b] [BGO3b]. This approac is named assaiative
classi cation [LHM98] and se\eral advantagesare reported in the literature for this
approach. First, dierently from most of classi ers as decision trees, assaiation
rules consider the simultaneous correspondence of values of dierent attributes,
henceallowing to achieve better accuracy [BG0O3b]. Second,it makes assaiation
rule mining techniquesapplicable to classi cation tasks. Third, the usercan decide
to mine both assaiation rules and a classi cation model in the same data min-
ing process[LHM98]. Fourth, the assaiative classi cation approad helpsto solve
understandability problems[CM93b] [PMS97h] that may occur with someclassi -
cation methods. Indeed, many rules producedby standard classi cation systemsare
dicult to understand becausethese systemsoften use only domain independert
biasesand heuristics, which may not ful | user's expectation. With the assaiative
classi cation approad, the problem of nding understandable rules is reduced to
a post-processingtask [LHM98]; ltering basedon user-de ned rule template may
help in extracting understandablerules.

Although assaiative classi cation methods presert seweral interesting aspects,
they also su er from some limitations. First, most of methods reported in the
literature work under the single-table assumption, which is a strong limitation in
those application domains characterized by a spatial dimension. Second,they have
a categorical output which convey no information on the potential uncertainty in
classi cation. Small changesin the attribute values of an object being classi ed
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may result in suddenand inappropriate changesto the assignedclass. Missing or
imprecise information may prevert a new object from being classied at all. In
alternative, to overcomethese de ciencies, we proposeto use a statistical classi-
er that returns, in addition to the result of the classi cation, the con dence of
the classi cation. This is an important aspect becauseof the increasing attention
on the ROC curve analysis [FF03] that de nes an evaluation measureto take into
accourt the con dence of the classi cation. Third, reported methods require ad-
ditional heuristics to identify the most e ectiv e rule at classifying a new object.
Alternativ ely, in the proposedapproad, the evaluation of the classis basedon the
computation of probabilities taking into accourt all the rules.

3.4.2 Multi-lev el spatial association rules

In [ACL* 03] the problem of mining spatial assaiation rules has beenformalized as
follows:
Giv en

a spatial database(SDB),
a set S of referenceobjects tagged with a classlabel ¢; 2 C1;Cy; i Cy,
somesetsRg, 1 k m, of task-relevant objects,

a badkground knowledgeBK including somespatial hierarchiesHy on objects
in Rk,

M granularity levelsin the descriptions(1 is the highestwhile M is the lowest),

a set of granularity assignmems ¢ which assaiate ead object in Hy with a
granularity level,

a couple of thresholds minsup[I] and minconf [I] for ead granularity level,
a languagebias LB that constrainsthe seard space;

Find strong multi-lev el spatial assaiation rules, that is, assaiation rules involving
spatial objects at di erent granularity levels.

The referenceobjects are the main subject of the description (units of analysis),
that is, the obsenation units, while the task relevant objects are spatial objects
that are relevant for the task in hand and are spatially related to the former (units
of osenation). The setsRg typically correspond to layers of the spatial database,
while hierarchiesHy de ne is-a(i.e., taxonomical) relations of spatial objects in the
samelayer (e.g. river is-a water body). Objects of ead hierarchy are mapped to
one or more of the M user-de ned description granularity levels in order to deal
uniformly with seweral hierarchiesat once. Both frequency of patterns and strength
of rules depend on the granularity level | at which patterns/rules describe data.
Therefore, a pattern P (s%) at level | is frequentif s minsup|l] and all ancestors
of P with respectto Hy are frequert at their correspnding levels. An assaiation
rule Q! R(s%;c%) at level | is strong if the pattern Q[ R (s%) is frequert and
¢ minconf [I].
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The problem above is solved by the algorithm SPADA [LMO04] that operatesin
three stepsfor ead granularity level:

1. pattern generation;
2. pattern evaluation;

3. rule generation and evaluation.

SPADA takesadvantage of statistics computed at granularity level | when com-
puting the supports of patterns at granularity level | + 1.

In the systemARES !, SPADA hasbeenlooselycoupledwith a spatial database,
sincedata stored in the SDB Oracle Spatial are pre-processedand then represerted
in a deductive database(DDB). For instance, spatial intersection betweentwo ob-
jects X andY is represerted by the extensionalpredicate crosses(X,Y). In this way,
the expressie power of rst-order logic in databasesis exploited to specify both the
badkground knowledge BK , such as spatial hierarchies and domain speci ¢ knowl-
edge,and the languagebias LB . Spatial hierarchies allow to face with one of the
main issuesof spatial data mining, that is, the represeniation and managemen of
spatial objects at di erent levels of granularity, while the domain speci c knowl-
edgestored asa set of rules in the intensional part of the DDB supports qualitativ e
spatial reasoning. On the other hand, the LB is relevant to allow the userto spec-
ify his/her bias for interesting solutions, and then to exploit this bias to improve
both the e ciency of the mining processand the quality of the discoveredrules. In
SPADA, the languagebias is expressecdasa set of constraint speci cations for either
patterns or assaiation rules. Pattern constrains allow to specify a literal or a set
of literals that should occur one or more times in discovered patterns. During the
rule generation phase, patterns that do not satisfy a pattern constraint are Itered
out. Similarly, rule constraints are usedto specify literals that should occur in the
head or body of discoveredrules.

In a more recert releaseof SPADA (3.1) a new rule constraint has beenintro-
ducedin order to specify the maximum number of literals that should occur in the
head of a rule. In this way usersmay de ne the head structure of a rule requiring
the presenceof exactly a specic literal and nothing more. In the casethis literal
describesthe classlabel, multi-lev el spatial assaiation rules discovered by ARES
may be usedfor classi cation purposed.

3.4.3 Multi-lev el spatial association rules mining

We denotethe DDB in hand D(S) to meanthat it is obtained by adding the data
extracted from SDB, regarding the set of referenceobjects S, to the previously
supplied BK. The ground facts? in D(S) can be grouped into distinct subsets:ead
group, uniquely identied by the corresponding referenceobject s 2 S, is called
spatial observation and denoted O[s]. We de ne the set:

R(s) = frijj 9k:rij 2 Rx andagroundfact (s;ri) exists in D(S)g

Lhttp:/imww.di.uniba.it/ malerba/soft ware/ARES/index.h tm
2In this work we assume that ground facts concern either taxonomic is_a relationships or

binary spatial relationships (s, r) or object prop erties.
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asthe set of task-relevant objects spatially related to s. The set O[s] is given by
. [ .
Ols] = OISR(IL | g OISk
where:

OJsjR(s)] cortains properties of s and spatial relations betweens and r;

O[r;jS] contains properties of r; and spatial relations betweenr; and some
s02 S.

In an extreme case,O[s] can coincide with D (S). This is the casein which s is
spatially related to all task-relevant objects. The unique referenceobject assciated
to a spatial obsenation allows usto de ne the support andthe con dence of a spatial
assaiation rule (seethe de nition of spatial assaiation rule below). Note that the
notion of spatial obsenation in SPADA adapts the notion of interpretation, which
is common to many relational data mining systems[DLO1], to the caseof spatial
databases.

Let A={ a;, a,, ..., &} be a set of Datalog atoms whoseterms are either vari-
ablesor constarts [CGT89]. Predicate symbols usedfor A are all those permitted
by the user-speci ed declarative bias, while the constarts are only those de ned in
D (S). The atom denoting the referenceobjects is called key atom. Conjunctions
of atoms on A are called atomsets [DR97] like the itemsetsin classicalassaiation
rules. In our framework, a languageof patterns L[I] at the granularity level | is a set
of well-formed atomsetsgeneratedon A. Necessaryconditions for an atomset P to
bein L[I] are the presenceof the key atom, the presenceof taxonomic is_a atoms
exclusively at the granularity level I, the linkedness[Hel87], and safety [CGT89].
In particular, the last property guaranteesthe correct evaluation of patterns when
the handling of negation is required. To a pattern P we assignan existertially
guanti ed conjunctive formula egc(P) obtained by turning P into a Datalog query.

De nition 3.5 A pattern P coversan observationO[s] if eqc(P) is true in O[s][ BK.

Denition 3.6 Let O be the set of spatial observationsin D(S) and Op denote
the subsetof O containing the spatial observationscovered by the pattern P. The
support of P is dened as (P) = jOp j/ jOj.

De nition 3.7 A spatial assaiation rule in D(S) at the granularity levell is an
implication of the form

Pl Q (s%, c%)

whereP [ Q 2 L[Il, P\ Q = ;, P includesthe key atom and at least one spatial
relationship is in P [ Q. The percenages s% and c% are respectively called the
supprt and the con dence of the rule, meaning that s% of spatial obsenations in
D(S) is coveredby P [ Q and c% of spatial obsenations in D (S) that is covered by
P is alsocoveredby P[ Q. The support and the con dence of a spatial assaiation
rue P! Qaregivenbys= (P[ Q) andc="(QjP)= (P[ Q/ (P).
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In multi-lev el assaiation rule mining, an ancestor relation betweentwo patterns
at di erent granularity levels P2L[I] and P°2 L[l I<I° existsif and only if P%an
be obtained from P by replacing eat spatial object h 2 H at granularity level
| = (h) with aspatial object h®< h in Hy, which is assaiated with the granularity
level 1= (hO).

The frequency of a pattern depends on the granularity level of task-relevant
spatial objects.

De nition 3.8 Let minsupl[l] and minconf[l] be two thresholdssetting the minimum
support and the minimum con dence respectively at granularity levell. A pattern P
is large (or frequent) at levell if (P) minsup[l] and all ancestorsof P with respect
to the hierarchies Hy are large at their correspnding levels. The con dence of a
spatial assaiation rule P ! Q is high at levell if ' (QjP) minconf[l]. A spatial
assiation rule P ! Q is strong at level | if P [ Q is large and the con dence is
high at levell.

The de nition of the strong spatial assaiation rule given above suggestghat the
generation of assaiation rules at di erent granularity levels should proceed from
the most generaltowards the most speci ¢ granularity levels. This is the approad
followedin the ILP systemSPAD A, which hasbeendeveloped for mining multi-lev el
assaiation rules in spatial databases. In the following subsectionwe explain how
SPADA performsits seard in the spaceof patterns at a given granularity level |,
that is, in the spaceof patterns de ned by the languagelL [I] (intr a-levelserch). In
the subsequen subsectionwe illustrates how SPADA takes advantage of statistics
computed at a level | when it seardes in the "more specic' spaceat level |+1
(inter-level search).

Intra-lev el search of the pattern space

Given a granularity level | and a pattern languagelL[l], the task of mining spatial
assaiation rules can be split into two sub-subtasks:

1. Find large (or frequent) spatial patterns in the spacede ned by L|[I];
2. Generate highly-con dent spatial assaiation rules at level I.

Algorithm design for frequert pattern discovery (step 1) hasturned out to be
a popular topic in data mining. The blueprint for most algorithms proposedin
the literature is the levelwise method [MT97], which is basedon a breadth- rst
seart in the lattice spannedby a generality order between patterns. Given two
patterns P; and P,, we write P P, to denotethat P; is more generalthan P,
or equivalertly that P, is more speci ¢ than P;. The spaceis searted onelevel at a
time, starting from the most generalpatterns and iterating betweenthe candidate
generation and candidate evaluation phases. The intra-level seard algorithm of
SPADA implements the afore-merioned levelwise method (seeAlgorithm 3.1).

Algorithm 3.1 Intr a-level search implemented in SPADA
Find large 1-atomsetsat levell
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Cycle on the depth (k > 1) of serch in the pattern space
1. Genenate candidate k-atomsetsat level | from large (k-1)-atomsets by
applying the re nement operator
2. Prune candidatesthat -subsumeinfr equent patterns
Prune candidates equivalent under -subsumption
4. Evaluate candidates and geneate large
k-atomsetsat level | from candidate k-atomsets
Until the user-de ned maximum depth

w

The pattern spaceis structured accordingto the -subsumption [Plo70]. Many
ILP systemsadopt -subsumption asthe generality order for clausespaces.In this
corntext we needto adapt the framework to the caseof atomsets. More precisely
the restriction of -subsumption to Datalog queries (i.e. existertially quanti ed
conjunctions of Datalog atoms) is of particular interest.

Denition 3.9 Let Qi and Q. be two queries. Then Q; -subsumesQ, if and only
if there exists a substitution suchthat Q, Q:.

We can now intro duce the generality order adopted in SPADA.

De nition  3.10 Let P; and P, be two patterns. Then P; is more geneal than P,
under -subsumption,denota as P; P,, if and only if P, -subsumesP;.

subsumption is a quasi-ordering, sinceit satis es the re exivit y and transitivit y
property but not the anti-symmetric property. The quasi-orderedset spanned by

can be seardied by a re nement operator, namely a function that computesa
set of re nements of a pattern.

Denition 3.11 LethG, i bea pattern space ordered accordingto . A down-
ward re nement operator under -subsumptionis a function suchthat

(P) {QjP Q}.
In SPADA, the following operator ' is used.

De nition  3.12 Let P be a pattern in L[I]. Then '(P) = { P ~ & j& is an
atomin L[I] }.

It can be easily proventhat '(P) is a downward re nement operator under -
subsumption, that is P Qforall Q2 9YP). Indeed,Q = P~ g for an atom a;
in L[l]. By adopting the set notation we can alsowrite Q= P[ {&;}. The inequality
P P[{a} holds if P [ {&} -subsumesP, that is, a substitution exists
such that P P[ {a}. Obviously, isthe empty substitution. The re nement
operator '(P) allows the generation of k-atomsets, that is atomsets of k literals,
from (k-1)-atomsets.

It is noteworthy that on patterns represented asDatalog queriesis monotone
with respect to support.
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Prop erty of -subsumption monoton y Let hG, i be a pattern spaceor-
dered accordingto . For any two patterns P; and P, such that P; P, we
have that (Pl) (Pz)

Therefore, the re nement operator drives the searh towards patterns with
decreasingsupport. If a pattern P is infrequert, all its re nements in ‘(P) are
alsoinfrequert. This is the rst-order counterpart of one of the properties holding
in the family of the Apriori-lik e algorithms [AS94], on which the pruning criterion
is based. Indeed, the generation of patterns obtained as re nements of infrequent
patterns can be avoided, since those patterns have certainly a support lower than
the user-de ned threshold. This is what happensat step 1) in the algorithm 3.1.

Given a frequert pattern P of k-1 atoms, it may happen that some pattern
Q2 '(P) -subsumesanother infrequent pattern P' of k' atoms, with k'< k. This
meansthat Q is certainly infrequent becauseof the above monotony property, and
its evaluation can be avoided (step 2 in the algorithm 3.1). Additional candidates
not worth being evaluated are those equivalent under -subsumptionto someother
candidate (step 3 in the algorithm 3.1).

Finally, unpruned candidates are evaluated to ched whether they are large
(i.e., frequert) or not (candidate evaluation phase,step 4). The evaluation of ead
generatedpattern P requiresa -subsumptiontest againstsomespatial obsenations
O[s]. Indeed, if O[s][ BK -subsumesP, then eqc(P) is true in O[s][ BK, that is
P covers Q[s], accordingto the de nition given in the previous section. Actually,
in SPADA the test of a pattern Q2 '(P) is performed only against those spatial
obsenations coveredby P, since,if a spatial obsenation O[s] is not coveredby P, it
cannot be covered by Q without violating the transitiv e property of -subsumption.

Inter-lev el search of the pattern space

As speci ed in Section 3.4.3,t0 be able to de ne a pattern P aslarge (or frequent)
at level | two conditions must be satis ed, namely

i) (P) minsup[l] and

ii) all ancestorsof P with respect to the hierarchies Hy are large at their corre-
sponding levels.

The secondcondition suggestsan additional pruning strategy. Let P and Q be
two frequert patterns at levels| and |+1 respectively, such that P is an ancestor of
Q. Supposethat P hasbeenre ned into the infrequent pattern P' while searting
in the pattern spaceat level I. When the spaceof patterns at level [+1 is explored
and Q is re ned, it is possibleto generatea candidate pattern Q' whoseancestoris
P'. In this case,Q' canbe safelypruned, sinceit cannot be a large pattern without
violating condition ii ). In order to support this additional pruning strategy, the
re nement operator implemented in SPADA usesa graph of backward pointers to
be updated while searding. Backward pointers keeptrack of both intra-spaceand
inter-spaceseard stages. Fig. 3.3 givesan example of such a graph, where nodes,
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Figure 3.3: Graph of intra-space and inter-space backward pointers.

dotted edgesand dashededgesrepresen patterns, intra-spacegenerality and inter-
spaceparerthood, respectively. The e ectiv enessof this computational solution is
illustrated in [LMO2].

From patterns to association rules

Once large patterns have beengenerated, it is possibleto generate strong spatial
assaiation rules. For ead pattern P, SPADA generatesantecederis suitable for
rules being derived from P. The consequeh correspnding to an anteceden is
simply obtained as a complemen of atoms in P and not in the anteceden. It
is noteworthy that the generation of good rule antecederns is crucial. A naive
implemenrtation would consist of a combinatorial computation step followed by a
pruning step. The former would output combinations of atoms occurring in P,
while the latter would discard those that are not well-formed, e.g. without the key
atom in the anteceden or not respecting the constraints of linkednessand safety.
Backward pointers can also be exploited to speedup the generation of assaiation
rules instead. In particular, SPADA recursively retrieves the predecessorsof a
frequert pattern and returns only those yielding strong rules. Backward pointers
are pro tably exploited in the pattern generation phasein order to prevent the
generation of someinfrequent patterns [LM02]. In a more recert releaseof SPADA
(3.0), backward pointers are also exploited in the pattern evaluation phase. Indeed,
by assaiating ead pattern with the list of support objects, it is possibleto perform
the evaluation of eat pattern only on the support objects of its intra-space parent
and not on the whole set S of referenceobjects. An additional caching technique
compensatesthe overheadin looking for the parent of ead pattern, sinceit hasa
cost which increaseswith the number of stored patterns.

Filtering patterns and association rules

The e ciency improvemerts reported above are all basedon the monotonicity prop-
erty of the generality order de ned for spatial patterns with respect to the support
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of the patterns themseles. This is a nice exampleof an intelligent exploitation of
generalproperties to prune the seard spaceand to reducethe number of expensive
tests. However, this uninformativ e approad doesnot take into accourt user prefer-
encesand expectations. In real-world applications, such as the characterization of
the areacrossedby a motorway [MLASO02], a large number of spatial patterns can
be generatedeven for a few hundred spatial objects, most of them proving useless
for the application at hand. Therefore, it is important to allow the userto specify
his/her bias for somesolutions, and then to exploit this bias to improve both the
e ciency of the systemand the quality of the discoveredrules with respect to user's
interests. In SPADA, the bias is expressedas a set of constraint speci cations for
either patterns or assaiation rules. Altogether, they de ne the languagebias (LB)
reported in the formulation of the spatial assaiation rule mining problem.

For patterns, the user can specify the constraint pattern_c onstraint(A tomList,
Min_o ccur) where AtomList is a list of atoms (for atomic constraints) or a list
of atom lists (for conjunctive constraints), while Min_o ccur is a positive number
which speci es the minimum number of constraints in the list that must be satis ed.
For instance, the following pattern constraint:

pattern_c onstraint([not_cr oss&_by_green_area(_,_ ),
crosse_by urban_area(_, )],1).

speci es that at least one of the (spatial) predicatesnot_cr osse_by green_area/2
and crosse&_by urban_area/2 must occurin the patterns ltered by SPADA, while
the following pattern constraint:

pattern_c onstraint([ [not_cr ossel_by green_area( , ),
crossel_by urban_area( , )] , [crossel _only by r cad( )] ], 1).

speci es that either the (spatial) predicates not _crossel by green_area/2 and
crossel_by urban_area/2 or the predicate crosse_only by r oad/1 must occur
in the patterns ltered by SPADA. It is noteworthy that this simple speci cation
allows usersto de ne both conjunctive and disjunctiv e constraints.

Patterns that do not satisfy a pattern constraint are Itered out during the
rule geneation phase. This meansthat they are generated and evaluated any-
way. This late exploitation of the constraint is due to the fact that if a pat-
tern P does not satisfy a constraint (e.g. becauseof the lack of the predicate
not_crossa_by green_area/2), it is still possiblethat descendats of P (i.e., more
speci ¢ patterns) do satisfy it. Therefore, pattern constraints do not prune the pat-
tern spacebut improve the e ciency of the mining processsincethey prevert the
generation of uselessrules, and hencetheir evaluation.

A further pattern constraint takesinto accourt the typing mechanism of the
variables to be included in the rules. A variable X is (un-)typed when it (does
not) appear as rst argumert of a is-a/2 atom in the rule. In someapplications,
the occurrenceof untyped variablesin a rule is undesirable; therefore the user can
specify the constraint max_rules_untyp ed_vars(n) , wheren denotesthe maximum
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number of un-typed variablesin the rules being generated. As in the previous case
the speci cation of this constraint a ects the rule generation phase.

For spatial assaiation rules the user can de ne constraints either on the an-
teceden or on the consequenh by specifying one of the following facts in LB:

body_constraint(A tomList, Min_o ccur). head_constraint(A tomList, Min_o ccur).

whereAtomList and Min_o ccur havethe samemeaningasin the pattern constraint.
For instance, the constraint head_constraint ([high_mortality( )], 1) speci es that
the predicate high_mortality/1 must occur in the head of the rulesto be discovered
by SPADA. Sinceassaiation rulesdiscoveredby SPAD A canhave se\eral conditions
in the head, additional predicatesare also allowed in the head.

As for pattern constraints, head and body constraints do a ect the rule gen-
eration phase. The main dierence is that these constraints do not prevert the
generation of candidate rules but only the evaluation of their con dence.

Discretizing Numerical Features

Since SPADA, like many other assaiation rule mining algorithms, cannot process
numerical data properly, it is necessaryto perform a discretization of numerical
features with a relatively large domain. For this purpose we have implemented
the relative unsuperviseddiscretization algorithm RUDE [LWO0Q], which discretizes
an attribute of a relational databasein the context de ned by other attributes.
Formally, the problem can be stated as follows:

Given

a databasetable T consisting of n tuples,
a corntinuous attribute in T to be discretized (target attribute),

a set of cortinuous attributes (source attributes) in T that de ne the context
for the discretization of the target attribute,

a relativ e tolerance betweensplit points (minimal di erence) s

Find a set of split points that minimize loss of correlation betweenattributes.

The algorithm RUDE is basedon two general procedures: a prediscretization
procedure, used to pre-processthe source attributes, and a clustering procedure,
usedto group target attribute valuescorresponding to somesourceattribute value
or interval. Therefore, seweral di erent specializations of the RUDE algorithm can
be generatedby varying the two procedures. The implemertation of RUDE in ARES
supports two prediscretization algorithms, namely equal width and equal frequency
and two clustering algorithms, namely EM [WF99] and AutoClass [CS94. RUDE
provesto be suitable for dealing with numerical data in the context of assaiation
rule mining. An experimental study not reported in this thesisshonvedthat the best
performance can be obtained by using the equal width prediscretization procedure
and the Auto classalgorithm.
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3.4.4 Classication using Discovered association rules

Once a set of rules has beenextracted for ead level, the construction of the naive
Bayesianclassi er mainly followsthe Mr-SBC approad (seesection3.3), which aims
to classify any target object 02S by maximizing the posterior probability P (C;jo)
that o is of classC;, that is:

class(o)= arg max; P (C;jo)

By applying the Bayestheorem, P (C;jo) can be reformulated as follows:

. _ P(C)P(9Ci)
P (Cijo) = ~ P (3.10)
The term P(0jC;) is estimated by meansof the naive Bayes assumption:
P(0jCi) = P(01;02,...,0m]Ci) = P(GjCi) P(02jCi) ... P(omjCi)

whereos; 0z,...,0m represen the setof the properties, di erent from the class,used
to describe the object.

In 3.10 the value P(C;) is the prior probability of the class C;: Since P(0)is
independert of the classC;, it doesnot a ect f (0), that is,

class(o)= arg max P (C;i)P(0Ci) (3.11)

In order to take into accourt the relations of the target object, we considerthe
set of rules to guide the computation of P(0jC;).

Given the object 02 S, we considerthe subsetof the extracted rules that can be
usedto classify o. More formally, we considerthe subsetR of rules whosebody is
satis ed by the object to be classi ed both in terms of the values of properties of
involved spatial objects and in terms of the spatial relations between objects. For
example,if S is the set of wards in a district, a ward w satis es the rule:

mortality r ate(A, low)  wards_relatedTo_waters(A, B),
waters_typewater(B, river), cars_per_person(A, high)

when w is spatially related (intersects) to a river and is characterized by a high
averagenumber of cars per person.

We useR to estimate P(0jC;). In particular, we estimate P(0jC;)by meansof
the probabilities assaiated to both spatial relations (e.g. wards_relatedTo_waters(A,B) )
and properties (e.g. waters__typ ewater(B,RIVER) , cars_per_person(A,high)) as-
sociated to ead rule in R.

For instance,if R= {Rj, Ry}, whereR; and R, are two assaiation rules of class
Ci extracted by SPADA:

Ri: 100 110 12 R2i 200 210 22
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where 1.1 and ,.; are spatial relations, i.,and 2., are propertiesand 1. =
2o(class)then P(fR1;R20iCi) = P( 1,0\ 11\ 21\ 12\ 22)Ci)=

P( 20\ 11\ 21jGCi) P( 12\ 22 10\ 11V 22\ C)

The rst term takesinto accourt the relations of the rules while the secondterm
refersto the conditional probability of satisfying the property predicatesin the rules
giventhe relations. Accordingto the the naive Bayesindependenceassumption, the
probabilities can be factorized as follows:

P( 1o\ 11\ 24iCi) = P( 1;1C) P( 21JCi)

P( 12\ 22) 100 12\ 21\ C) = P( 12) 11\ 212V Ci) P( 2;2) 1.1\ 211\ Ci)

Since 1., and ., do not dependfrom ,jand ;.1 respectively, then:

P( 22V 222 1.0V 12\ 214V Ci)=P( 1;2) 11\ Ci) P( 2:2) 212\ C))

By generalizingto a set of rules we have:

Y Y

P(Ci)P(qCi) = P(Cy) (P (relationsjC;) P (propertyy; jrelationsy; Ci))
k2j Rj j

(3.12)

where the term relationsy represeints the event that the set of spatial relations
expressedin the k-th rule is satis ed, while the term property; represers the
event that the j-th property of the k-th rule is satis ed.

If relationsy= { relation(Set;,Set,)j Set;,Set; 2 {S}[{Rk, 1 k m}, Set;6
Set, } is a set of binary relations between spatial objects (either task relevant or
reference)involved in the k-th rule, the probability P(relationsgjC;) is computed
by meansof the naive Bayesassumption:

Y
P (relationsyjC;) = P (relation (Set;, ; Sety, )jCi)

12j relations j
where:
jrelation (Set? ; Set?)j
jSet?j jSet?]
(3.13)

P (relation (Set;, ; Set;,)jCi) = P(relation (Setf ; Set)) =

117

where Set'| is a subset of objects in Set; that are related, by means of spatial

relations, with objects in S of classC;, while jrelation(Set?l;SetPZ)j is the number

of relations betweenobjects of Set? and objects of Setf .
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To compute the probability P (propertyy; jrelationsy;C;i) in (3), we use the
Laplace estimation:

jrelationsy ~ propertyy; ~ Cij+ 1

P jjrelati L) =
(property,; jrelationsy; C;) jrelationsy ~ Cij+ F

(3.14)

where F is the number of possible admissible values of the property. Laplace's
estimate is usedin order to avoid null probabilities in equation 3.11. In practice,
the value at the nominator is the number of target objects of classC; that are
related to other spatial objects by meansof spatial relations expressedn relationsy
and for which property; is satis ed. The value of the denominator is the number
of target objects of classC; that are related to other spatial objects by means of
spatial relations expressedn relationsy plus F.

In order to avoid the problem that the samerelation or the same property is
consideredmore than oncein the computation of probabilities in formula 3.12, the
values computed in formula 3.13 and 3.14 are e ectiv ely determined and included
in formula 3.12 only if the valueshave not beencomputed before.

3.5 Conclusions

In this chapter we considereda di erent kind of structure, that is, the structure
represerted by the occurrenceof relations betweenthe units of analysisand/or the
units obsenation. For this purpose,we resort to the multi-relational data mining.

We preser two classi ers that work in the multi-relational setting. In particular,
we extend the naive Bayes classi cation to the caseof relational data. The rst
solution is represerted by a multi-relational data mining system which is tightly
integrated with a relational DBMS. It is basedon the induction of a set of rst-
order classi cation rulesin the context of naive Bayesian classi cation. It presens
seweral di erences with respect to related works. First, it is basedon an integrated
approad, sothat the cortribution of literals sharedby seweral rulesto the posterior
probability is computed only once. Second,it works both on discreteand cortin uous
attributes. Third, the generationof rulesis basedon the knowledge of a data model
embeddedin the databaseschema. The proposedmethod hasbeenimplemented in
the new system Mr-SBC.

The secondsolution is inspired by recert studieson the usageof assaiation rules
for classi cation purposes(Associative Classi cation). In particular, we have pre-
serted a spatial assa@iativ e classi er that combinesspatial assaiation rule discovery
with naive Bayesian classi cation. Domain speci ¢ knowledge may be de ned as
a set of rules that makes possible the qualitativ e spatial reasoning. In addition,
hierarchies on spatial objects are expressedby a collection of ground atoms and are
exploited to mine classi cation modelsat di erent granularity levels. For ead gran-
ularity level, extracted rules concur in building the spatial classi cation model by
exploiting a multi-relational naive Bayesianclassi er integrated with the Database.
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Chapter 4

Applications of Naive Bayesian
Classi cation to Document
Engineering

In this chapter we show the application of proposedsolutions to the eld of Doc-
ument Engineering. Documert Engineering is the computer sciencediscipline that

investigatessystemsfor documerts in any form and in all media. Documert engi-
neering is concernedwith principles, tools and processeghat improve our ability

to create, manageand maintain documernts. It sharesmany conceptswith Software
Engineering, which is concernedwith the creation, managemen and maintenance
of a special kind of documerts, the programs. Howewer it also presers seweral

di erences, due to the dierent semarics of documerts, the diverseuse of layout

and logical structures, the di erent emphasisgiven to graphical aspects as well as
the di erent design methods (or writing processesJVQ9Q]. It might be debatable
that Documert Engineering is a true engineeringdiscipline, for the samereasons
that someresearters attributed at Software Engineering at the early '90 [Sha9q.

Nonetheless,computer-basedsystemsfor creating, distributing and analysing doc-
umerts are one of the certerpiecesof the new "Information Scociety” and it is very
likely that the meeting of economicand scierti ¢ interests will soon lead to the

dewelopmen of a professionalengineering.

The notion of document adopted in Documert Engineering is quite extensiwe.
A documert is a represenation of information designedfor reading by, or played-
bad to, a person. It may be preseried on paper, on a screen,or played through
a speaker and its underlying represertation may be in any form and include data
from any medium. A documert may be stored in nal presenation form or it may
be generatedon-the- y, undergoing substartial transformations in the process. A
document may include extensive hyperlinks and be part of a large web of informa-
tion. Furthermore, apparertly independert documerts may be composed, so that
a web of information may itself be considereda documert.

Among conceptual topics relevant to the eld of Documert Engineering are

75
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documernt structure and cortent analysis, documert categorization and classi ca-
tion, documert storage,indexing, and retrieval, performanceof documert systems,
markup languages(e.g., XML), and optical character recognition (OCR). In this
chapter we are interested in both printed documerts and text documerts, and we
consider some conceptual topics reported above. More precisely in the rst part
of this chapter we show the application of the hierarchical classi cation framework
proposedin chapter 2 to the problem of text document categorization and classi ca-
tion. Whereas,in the secondpart, we shan the application of the multi-relational

naive Bayesian classi er Mr-SBC to the problem of document image understand-
ing (or interpretation), which is de ned asthe formal represenation of the abstract
relationships indicated by the two-dimensionalarrangemert of the symbols [Nag0Q.

4.1 Hierarc hical Text Classi cation

Text classi cation or text categorization is the processof automatically assigning
one or more prede ned categoriesto text documens. A wide range of supervised
learning algorithms has beenapplied to this problem, using a training set of cate-
gorized documerts to build a classi er that maps arbitrary documerts to relevant
categories. Most of learning methods reported in the literature dealwith classifying
text into a set of categorieswithout structural relationships amongthem (at clas-
si cation). More recertly, increasingattention hasbeengivento hierarchical classi-
cation [KS97] [MRMN98] [Mla98b] [DMSKO00] [DC0Q] [NGL97] [RS0Z [WWP99],
where the pre-de ned categoriesare organizedin a hierarchical structure (tree-like
structure). Sud a structure re ects relations between conceptsin the application
domain covered by the classi cation. Indeed, as already speci ed, many popular
seard enginesand text databasesarrange documerts in topic hierarchies, such as
Yahoo, Google Directory, Medical Subject Headings (MeSH) in MEDLINE, Open
Directory Project (ODP)! and Reuters Corpus Volume | (RCV1) [LYRLO4]. This
hierarchical arrangemen is essetial when the number of categoriesis quite high,
sinceit supports a thematic seard by browsing topics of interests.

The advantage of this hierarchical view of the classi cation processis that the
problem is partitioned into smaller subproblems,ead of which canbee ectiv ely and
e cien tly managed. Another motivation, strictly related to the problem in hand, is
given by the obsenation that both precision and recall decreaseas the number of
categoriesincrease§ADW94] [Yan9q due to the increasinge ect of term polyseny
for large corpora.

As pointed out in chapter 2, taking into accourt the hierarchy posesadditional
issuesin the dewvelopmen of methods for automated documert classi cation.

documerts can either be assaiated to the leavesof the hierarchy or to internal
nodes.

the set of features selectedto build a classi er can either be category speci ¢
or the samefor all categories(corpus-based).

Twww.dmoz.org
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the training set ass@iated to ead category may include or not training doc-
umernts of subcategories.

the classi er may take into accourt or not the hierarchical relation between
categories.

somestopping criterion is required for hierarchical classi cation of new docu-
merts in non-leaf categories.

new performance evaluation criteria are required to take into accourt the
di erent typesof classi cation errors.

All theseissuesare systematically investigatedin this chapter, which preseris the
hierarchical classi cation framework proposedin chapter 2 in the text categorization
domain. The hierarchy of categoriesis usedin all phasesof text categorization,
namely feature extraction, learning, and classi cation of a new documert.

In this chapter we usethe naive Bayesianlearner and compareit with two of
the most widely investigated methods for (at) text classi cation, namely certroid-
basedand support vector machines (SVM), and we investigate the performance of
thesemethods on three datasets(Yahoo, DMOZ, RCV1). Thesedatasetspresen a
variety of situations in terms of hierarchical structure: documerts can be assigned
to any node in the hierarchy, some nodes can have no assaiated documerts and
internal nodes can have only one child. The baseline of the empirical evaluation
is the at classi cation, sothat it is possibleto analysethe actual contribution of
the hierarchy in text classi cation performance. Another aspect consideredin this
framework is the construction of feature sets, which can be performed by merg-
ing the dictionaries of all subcategories(hierarchical feature set) or by taking the
union of dictionaries of direct subcategories(proper feature set). Pros and cons of
hierarchical feature sets are discussedand interactions with learning methods are
empirically evaluated.

To test alternativ e hierarchical text classi cation methods, the systemWebClas-
sl hasbeenimplemented. This is a client-server application that hasbeendesigned
to support the seard activity of a geographically distributed group of peoplewith
common interests [MECO02]. It works as an intermediary when users browse the
Web through the system and classify documerts into a hierarchy of categoriesby
meansof one of the classi cation techniques available. Automated classi cation of
Web pagesis performed on the basis of their textual content and may require a
preliminary training phasein which documert classi ers are built on the basisof a
set of training examples.

41.1 Document Representation and Feature Selection

In WebClassl|I, the feature set is unique for ead internal category and is auto-
matically determined by meansof a set of positive and negative training examples
(extracted from the Hierarchical training set, seesection2.4.1and Figure 2.8). More
speci cally, in WebClassl|, all training documerts are initially tokenized, and the
set of tokens(words) is Itered in order to remove HTML tags, punctuation marks,
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numbers and tokens of lessthan three characters. Only relevant tokens are used
in the feature set. Before selectingrelevant features, standard text pre-processing
methods are usedto:

1. Remove stopwords, such as articles, adverbs, prepositions and other frequent
words taken from Glimpse?, a tool usedto index les by meansof words.

2. Determine equivalent stems(stemming), suc as'top olog' in the words 'top ol-
ogy' and 'top ological', by meansof Porter's algorithm for English texts [Por97].

Despite these preprocessingsteps reduce the number of extracted tokens, the
feature setcanbe still large evenin the caseof small documert collections. In many
learning algorithms, reduction of the set of featuresis essetial for both complexity
and accuracy issues. In particular, certroid-based methods compute the distance
of a documert from a certroid on the basis of all features usedto describe the
documerts. If the attribution of a documert to a category dependson only a few
of the many available features, than the documerts that are truly close to the
certroid may well be a large distance apart. Galavotti et al. [GSS0Q and Ruiz
and Srinivasan[RS02]have independertly proved that the Rocchio classi er, which
is a particular certroid-based classi er, benets from feature selection. Also for
naive Bayesianclassi ers it has beenproved that they benet of irrelevant feature
removal [Mla98a]. The situation is di erent in the caseof SVM classi ers, which
work well with high dimensional feature spacesand eliminate the needfor feature
selection [Joa9q. In this work, where these three dierent learning methods are
considered,feature selection is always performed for the purpose of having a fair
comparison. The exploration of the e ect of consideringall featuresis postponed
for future researd.

The problem of feature selectionhas beenwidely explored in machine learning.
Feature selectionapproachesmay be categorisedinto wrapper, lter and embedded
approaces[JKP94] [BL97b]. The wrapper approac attempts to identify the best
feature subsetto usewith a particular algorithm, that is, the induction algorithm
that will be usedto learn the nal target conceptis part of the evaluation function.
In the Iter approad, the goalisto Iter the irrelevant and/or redundart features
on the basisof the characteristics of the training data without involving any learn-
ing algorithm. Finally, in the embeddedapproadcesthe feature selectionprocessis
doneinside the learning algorithm, preferring somefeaturesto others, and possibly
not including all the available featuresin the nal model induced by the learning
algorithm (a clear exampleis represenied by decisiontrees). The wrapper approac
tends to produce better accuracy than the Itering approad, but this is possible
to the disadvantage of the computational complexity. Becauseof the abundance
of features (and documerts) in automated text categorization, Itering approac
remains the most widely used. Moreover, it is very exible, sinceany target learn-
ing algorithm can be used, while both the wrapper approad and the embedded
approad are strictly dependert on the learning algorithm.

2glimpse.cs.arizona.edu
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Most of ltering methods for information retrieval simply scorewords according
to somefeature selection measureand selectthe best rsts. However, techniques
proposedfor information retrieval purposesare not always appropriate for the task
of text categorization. Indeed, we are not interested in words characterizing each
single document, but we look for words that distinguish a documert category from
other categories. Generally speaking, the set of words required for classi cation
purposesis much smaller than the set of words required for indexing purposes.

There are two distinct approachesto feature selectionfor text categorization:

a) local, for eadh category ¢; a set of featuresis chosenfor classi cation of docu-
mens in ¢;

b) global, a set of terms is chosenfor classi cation under all categories[Seb02.

They are related to documert represertation [ADW94] by means of seweral spe-
cialized feature vectors for di erent categoriesor by a unique feature. No special
recommendationfor local vs. global feature selectionis reported in the literature.
Typically the approach adopted in a work depends on the type of classi er. Lo-
cal feature sets are used together with binary classi ers, which decideto assigna
documernt to a category ¢; or not, while global feature sets are used together with
multi-class classi er, which assigna documert to one (single-categoryclassi cation)

Independertly of the approad, sewral feature selection measureshave been
reported in the literature. They can be classi ed on the basis of four dependency
tuples betweena term w and a category ¢; [ZWSO04:

1. (w, ¢): w and ¢ co-occurs,

2. (w, : ¢): w occurswithout ¢;;

3. (- w, ¢): ¢ occurswithout w;

4. (1 w, : ¢): neither w nor ¢ occur.

The rst two tuples concernthe presenceof a term, while the last two are re-
lated to its absence.The rst and the last tuples represernt the positive dependency
betweenw and ¢;, while the other two represert the negative dependency Although
all feature selection measurestry to capture the intuition that the best terms for
¢ arethe onesthat distributed most di erently in the setsof positive and negative
examplesof ¢;3, they considerdi erent dependencytuples. For instance, Correla-
tion Coe cien t [NGL97] considersall the four tuples, Mutual Information [YP97]
considersthe rst three, while Odds ratio [Mla98b] is basedonly on the rst two.
The variety of results reported in the literature does not allow us to make any
claim on what should be the dependenciego involve in the de nition of a good fea-
ture selectionmeasure. As obsened by Mladenic and Grobelnik [MG99] the most
important characteristics of a good feature scoring measurefor text are: favoring
common features and consideringdomain and algorithm characteristics .

3A notable exception is the frequency of a term in a document collection, where only positive
examples are considered.
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Following this indication, in this work we focus our interest on the global ap-
proach, which seemsbest suited for multi-class classi ers, as well as on the rst
two tuples, sincethe classi ers that will be preseried in the next sectionsincrease
their con dence on classi cation on the basis of presen terms rather than absen
terms. In the design of the feature selection measurereported in this work we do
take into accourt another important factor: the obsenation unit for all classi ers
is the document, hencethe "common features" Mladeni¢ and Grobelnik refers to,
should not only be frequent for a category but also sharedby most of documerts
of the samecategory A term that occurs frequertly in very few documerns of a
category can be frequert for the category but can hardly be considereda common
feature. Surprisingly, a closerlook at the feature selection measuresreported in
the literature revealsthat most of them considera term (and not a documen) as
obsenation unit. By looking at formulas of the most widely investigated feature
selection measurereported in [MG99] at Table 1, we nd that the ingredients of
various formulas are:

1. P(w), the prior probability that the term w occurs

2. P(c), the prior probability of the i-th classor category

3. P(cijw), the conditional probability of the i-th classvalue giventhat w occurs
4. P(wjg), the conditional probability of w given the i-th classvalue

5. TF(w), the term frequency

None of them do actually refer to the documert as obsenation unit. For in-
stance, the absolute frequency of a term in a documert, TF (w;d), which is used
in the naive Bayesclassi er (seeSection 4.1.2), is not considered. In the certroid-
basedclassi cation, whereit is important to selecta setof featuresthat increasethe
intra-classdocumert similarity and decreasehe inter-classdocumert similarity, the
distribution of a term acrosstraining documerts of the samecategory is important,
but it doesnot appear in the list above.

For multi-class problems, asthose consideredin the framework proposedin this
chapter, Malerba et al. [MECO02] dewveloped a feature selection procedure that do
take into account theseobsenations. In this work, we develop an extensionto the
caseof hierarchical training sets.

Let c beacategoryand c®oneofits children in the hierarchy of categories that is,
c® 2 Dir ectSubCategories(c). Let d be a training documert (after the tokenizing,
ltering and stemming steps) from c® w a feature extracted from d and TFq(w) the
relative frequencyof w in d. Then, the following statistics can be computed:

the maximum value of TF4(w) on all training documerts d of category c°,
TFeo(w) = MaXg2 T raining (CO)TFd(W)

the documert frequency that is, the percertage of documerts of category c°
in which the feature w occurs,
jfd 2 Training (c9j w occurs in dgj

DFes(w) = jTraining (c9)j
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the category frequency CF¢(w), that is, the number of subcategoriesc® 2
Dir ectSubCategories(c) sud that w occursin a documert d 2 Training (c%.

We obsene that only documerts consideredas positive examplesof c° are used
to compute both TFco(w) and D F(w), while the estimation of CF(w) alsotakes
into accourt documerts consideredas negative examplesof c.

For eac category c® a list of pairs hw;;v;i is computed, such that w; is a term
extracted from somedocumert d 2 Training (¢ and

1
Vi = TFeo(wi) DFZ(wi) SR

By taking words that maximize the product maxTF  DF? |CF, wherel CF
standsfor "in verseCF", we reward commonwords usedin documerts of category c®,
but we penalize words commonto both c® and its sibling categories. The category
dictionary of c® Dicto, is the set of the best ngi; terms with respect to v;, where
Ngict iS @ userde ned parameter.

The measuremaxTF DF? | CF scoreshigh featuresthat appear (possibly
frequertly) in many relevant documerts and in documerts of few alternativ e cate-
gories. In contrast with correlation coe cien t, it doesnot su er from problems of
unreliabilit y for low frequencyterms, sowe are not forcedto remove rare featuresas
done by Ruiz and Srinivasan[RS07 in their study on hierarchical text categoriza-
tion. Moreover, it is not in uenced by the marginal probability of terms asin the
caseof mutual information [YP97], which makes scoreincomparable acrossterms
of widely di ering frequency

The feature setassaiated to a categoryc is de ned on the basisof the dictionar-
ies of its subcategorie$. More precisely the proper feature set F eatSet. is de ned
asthe union of the dictionaries of all direct subcategoriesof ¢ (seeFigure 4.1):

[
F eatSet. = Dictco

c%2 D ir ectS ubC ateg or ies (c)

It contains featuresthat appearfrequertly in many documerts of one of the sub-
categoriesbut seldomoccur in documerts of the other subcategories(orthogonality
of category features). In other terms, selectedfeatures decreasethe intra-category
dissimilarity and increasethe inter-category dissimilarity. Therefore, they are useful
to classify a documert (temporarily) assignedto c as belonging to a subcategory
of c itself. It is noteworthy that this approad returns a set of quite generalfea-
tures (like "math" and "mathemat”) for upper level categories,and a set of speci c
features (lik e "top olog") for lower level categories.

An alternativ e proposal is the hierarchical feature set, which is de ned as the
union of the dictionaries of all subcategories(similarly to Mladenic [MIa98b]) where,
in addition, weights are usedto give lessimportanceto subcategoriesthat arefurther
down in the hierarchy):

4McCallum et al. [MRMN98 ] use the term hierarchical feature selection to denote the selection
of an equal number of features at each internal node of the tree, using the node's immediate
children asthe classes.
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Figure 4.1: Category dictionaries extracted by WebClassll| for all subcategories of "Mathematics"
in an experiment on Yahoo dataset (ngit = 5) and proper feature set selected for "Mathematics".
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The rationale behind the hierarchical feature set is that if classi ers at the top
level do takeinto accourt only generalterms (such as"math" and "mathemat") typ-
ically extracted from documerts of generaltopics (e.g., Mathematics), they might
have somedi culties to correctly route along the right path those documerts be-
longing to leaf categories(e.g., Geometry), becauseof the rarer occurrenceof gen-
eral terms. Once the set of features has been determined for an internal category
¢, training documerts in Training (c) can be represented as feature vectors, where
ead feature value is the frequency of a word.

4.1.2 Learning algorithms

In the context of the hierarchical text categorization framework describedin section
2.4.1,the de nition of the samefeature setto represen documerts of a category c
and all its subcategoriespermits the application of a multi-class learning algorithm
to induce a classi er that categorizesa documert (temporarily) assignedto ¢ as
belongingto a subcategoryc®of c. In this work we considerthe naive Bayeslearning
approad [Mit97] modi ed in orderto correctly handle documerts of di erent length.
We comparethis approac with other two learning approadies:
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a certroid-based method [HKOO], where eat certroid (or classprototype) is
the certer of cluster of documerts of the samecategory;

SMO, which is an optimized algorithm for training SVM on very large data
sets[Pla99].

Therefore, the classi cation of a new documert to a category c® is obtained as
follows:

1. By estimating the Bayesian posterior probability for that category (naive
Bayes).

2. By computing the similarity betweenthe documert and the certroid of that
category.

3. By estimating the posterior probability for that categoryaccordingto an SVM
probabilistic classi er.

The three learning algorithms are brie y described in the next subsections.

Naiv e Bayesian classi er

Let d be a document temporarily assignedto a category c. We intend to classify d
into one of the subcategoriesof c. The Bayesoptimal classi cation can be achieved
by assigningd to the category ¢; 2 Dir ectSubCategories(c) that maximizes the
posterior probability P¢(c;jd).

In the literature, seweral Bayesian models have been proposedfor text catego-
rization. The naive Bayesclassi er is the simplestof thesemodels, in that it assumes
that all the features usedto describe the documert are independert of eat other
giventhe context of the class(classconditional feature independence). We discussed
this assumption in section 2.2.3 and, citing someseminal works, we deducedthat,
even in the casethat the independenceassumption is violated by a wide margin
and the approximation of conditional probability is poor, the classi cation accuracy
remains high [DP97].

In the text categorization literature, two di erent models basedon the naive
Bayes assumption have been proposed: the multivariate Bernoulli model and the
multinomial model [MN98]. The former speci es that a documen berepresened by
a vector of binary attributes indicating which terms occur and do not occur in the
documernt. The "event" is the documert, and both the presenceand the absenceof
a term cortribute to the estimation of the posterior probability, which is modelled
as multiv ariate Bernoulli. In the context of hierarchical text categorization it has
beenusedby Koller and Sahami [KS97]. The multinomial model speci es that a
documernt be represerted by the set of term occurrencesin the documert. In this
casethe "event" is the term and the number of occurrencesof ead term a ects the
posterior probability, which is basedon a multinomial model. In hierarchical text
categorization this model has beenusedby Mladenic [MIa98b]. A review of naive
Bayes classi ers and their usagein information retrieval is reported in [Lew9§,
where the Bernoulli model is named binary independene model.
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McCallum and Nigam [MN98] have shawvn that, over a number of di erent text
categorization problems, the multinomial model is capable of categorizing docu-
ments more accurately than the multiv ariate Bernoulli model. Eyheramendy and
his collegues[ELMO03] have consideredthree alternativesto the multinomial model
that still incorporate term frequencies,and have empirically shown that the multino-
mial model often outperformsthesealternativ es. Therefore, in this work we consider
the naive Bayesianclassi er basedon multinomial model. This choiceis also coher-
ert with the feature selectionprocesswhereonly the presencgand not the absence)
of a feature is considered,and the number of occurrencesof a term is an important
factor in feature selection.

In its generalformalization, the multinomial model accommalatesvery naturally
the documert length. The posterior probability P¢(cijd) can be de ned asthe sum
over posterior probabilities of documerts of di erent length [Joa97:

b3
Pe(cijd) = Pc(cijd; 1)Pc(ljd) (4.1)
1=1
where P¢(ljd) = 1 for the length |4 of document d and is zerootherwise. In other
terms, P¢(cijd) = Pc(cijd;lg). By applying Bayes'theoremto P.(c;jd) we have:

pPe(dici;la)Pe(cijla)
Pc(dic ; 1a)Pe(G jla)

cj 2Dir ectS ubC ateg or ies (c)

Pe(cijd) =

4.2)

Pc(cijlg) is the prior probability that a documert of length |4 is in classci. By
assumingthat the category of a document does not depend on its length, we can
write Pc(cijlg) = Pc(c). The prior probability P.(c) is estimated asthe fraction of
training documerts of ¢ assignedto classgc;:

o Training (ci)j
' jTraining (c9)j

c02 D ir ectS ubC ateg or ies (c)

pe(c) = (4.3)

The estimation of the likelihood P.(djc;;lq) is basedon the multinomial model:

. I4! Y _
Pc(dicislg) = Q dTF(W'd)' Pc(wjci; lq) (4.4)
w2 F eatS et "7/ w2F eatS et

where TF (w; d) denotesthe absolute frequency of w in d.

The rst term dependsonly on the documert d and multiplies both the numer-
ator and the denominator of formula 4.2, henceit can be dropped. The subsequeh
terms are the probabilities of observing a term w of the feature set in documerts
of length |4 and of classc;. Unfortunately, the estimation of this conditional prob-
ability is quite dicult, since we should consider only documerts of length Iy in
the training set. Therefore, a further simplifying assumption is usually made, that
the occurrenceof a term is only dependert on the membership classof a documert
[Joa97. By combining this assumption with the original feature independenceas-
sumption we have:
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Y
Pc(dici;la) / Pc(wjg)"F ) (4.5)
w2 F eatS et
In conclusion,under the assumptionsthat ead term in d occurs independenly
of other terms, aswell asindependertly of the text length, it is possibleto estimate
the posterior probability as follows:

Pea)  ©  Pewig)TOr)

i _ D w2 F eatS et a)
Pe(cijd) = y P(®® P (WjcOTF (wid) (4.6)

c92 D ir ectS ubC ateg or ies (c) w2 F eatS et

To make our probability estimate of P;(wjc;) more robust with respect to in-
frequertly usedterms, we use a smoothing method to modify the estimates that
would have beenobtained by simple event courting. Smoothing, whosemain e ect
is that of assigninga small, non-null probability to unobsened everts, is important
in naive Bayes classi ers, since probability estimates are multiplied. If only one
of them were zero at numerator, the posterior probability in 4.6 would be zero,
independertly of the valuesof the other estimates. In this work smoothing is based
on Laplace'slaw of successionthat is:

1+ PFw;c)
jF eatSet.j + ' PF(WC%c)

w02 F eatS et

Pe(wic) = @)

where PF (w; ¢) denotesthe absolute frequencyw in documerts of category c. An
alternative to Laplace estimator is Witten-Bell smoothing, that has beenusedin
the work by Craven and his collegueson text categorization [CDF* 00].

The main weaknessof this naive Bayesianclassi er is that it presers problems
when one wants to interpret the scorefor ead classas an estimate of uncertainty.
If for someword w, the value of P¢(wjc;) di ers by oneorder of magnitude between
dierent classesc;, then the nal probabilities will dier by as many orders of
magnitude as there are words in the documert. As a consequencescoresfor the
winning classtend to be closeto 1.0 while scoresfor the losing classegend toward
0.0. For instance, Bennet [Ben00] shaws this phenomenonon two classes(Earn
and Corn) of the well-known Reuters 21578 dataset. These extreme values are
an artefact of the independenceassumption. Class-conditional word probabilities
would be much more similar acrossclassesif word dependencieswere taken into
accourt [CDF* 00]. An additional problem in the above formalization is strictly
related to the probability estimation in formula 4, which regards all documerts
belonging to ci as one huge documert. In other words, this estimation method
doesnot take into accourt the fact that there may be important di erences among
term occurrencesfrom documerts with dierent lengths [KRYLO2] and estimation
could be a ected by signi cant length discrepancyamong documerts belonging to
the same class[Seb02]. As obsened by Eyheramendy et al. [ELMO03], directly
incorporating documert length into the multinomial model has little e ect due to
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the extreme probability estimates produced by the naive Bayes-lype models. One
possibility would be to correct for the bias before introducing length .

In our proposal we adopt a normalization of the value TF (w;d) in formula 4.6
in order to avoid these problems. In particular, we normalize TF accordingto the
following formula:

. n_ TF(w;d)
N ormalizedTF (w;d) = KTEC Dk (4.8)
where
S —x
KTE( ;d)k, = TF (WO, d)2:
wo in d

By substituting TF (w;d) with NormalizedTF.(w;d) in 4.7, we have:

Pc (Q) Q Pc (W]Q)N ormal iz edT F (w;d)
H 2 F eatS et
Pe(ajd) = P . —Q : - .
P. (CO) P, (WJCO)N ormal iz edT F (w;d)

c92 Dir ectS ubC ateg or ies (c) w2F eatS et

(4.9)

We obsene that this normalization does not change the assignmen of a doc-
ument to a class: it only cortributes to smooth the values of the posterior prob-
abilities and to make the thresholding algorithm more e ectiv e, since choosing a
threshold when probability valuesare all 0 or 1 would not help in hierarchical text
classi cation. A similar normalization, but to L1-norm, hasbeenproposedin [SJO3].

Centroid-Based classier

Linear classi ers are a family of learning algorithms that learn a feature weight
vector (or prototype)

for every categoryc;. In our framework, wherea documert d temporarily assignedo
a category ¢ hasto be possibly assignedto a category ¢; 2Dir ectSubCategories(c),
the dimensionality of the feature weight vector of ¢; corresponds to the size of
FeatSet.. The scorereturned by a linear classi er for a documert d and a category
G is the dot product between the feature vector describing d and € (hence the
linearity of the classi er). Generally, the dot product (or equivalertly, both the
documernt and the classvectors) is normalized to unit as follows:

ade
ke k
dze,z
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This normalization represerts the cosineof the angle spannedby the two vectors
dand €. It is a similarity measure(also known as cosine similarity ), therefore, the
higher the value, the more similar the documert d and the category prototype €;.

The most well-known linear classi er is an adaptation to text categorization
of Rocdhio's formula originally proposedfor relevance feedbad in the cortext of
information retrieval [Roc71]. The learning method, denoted as Rocchio method,
computesthe weights of ¢ as follows:

X d; X d;

d2Training (ci) JTraInlng (Ci )J d2Training (c=c;i) jTI’aII’]Ing (C:G)J

Wij =

where d; denotesthe j-th componert of the documert vector, Training(c;) is the
set of positive documerts of category ¢, and Training(c/c ;) in our framework is the
set of negative examplesfor ¢;. The cortrol parameters and de ne the relative
impact of positive and negative examplesin the de nition of the classprototype.
Dumais et al. [DPHS9§], Joacims [Joa97, Han and Karypis [HKOO], Lertnattee
and Theeramunkong [LTO4] set to 1and to O, sothat the prototype of a class
coincideswith the centroid of its positive training examples. In this work we fol-
low this mainstream and compute the classi cation scoreas the cosine similarity
betweenthe documert vector and the certroid of a class. The main di erence is
that documert vectors cortain the term frequencies,that is d; = TFg4(w;), while
all mentioned works do operate on t df represenations, that is, the weight assai-
ated to the j -th feature is the product of the term frequency of the term w; in d,
TF4(wj);and the logarithm of the inversedocumert frequency IDF(w ;). The doc-
ument frequencyis de ned asthe percertage of documerts in the collection where
the term w; occurs® The tdf represenation embodiesthe intuition that

the more often a term occursin a documert, the more it is represenativ e of
its content, and

the more documerts a term occursin, the lessdiscriminating it is [Seb02].

The secondintuition is appropriate for documert indexing, that is, the task of
information retrieval for which Salton and Buckley [SB8] de ned the tdf repre-
sentation. However, for text categorization tasks, the usageof the IDF factor seems
courterintuitiv e. In the feature selectionphase,the most discriminant featuresare
selected,suc that they correspond to terms that occur frequertly in documerts of
the samecategory. The IDF factor would penalize mainly the best discriminativ e
features, while it would weight more those terms that occur frequertly in a single
documert. A conrmation of our obsenation is indirectly given by Debole and
Sebastiani[DS03 who suggestreplacing the IDF factor with the value taken by the
feature selectionmeasure. Therefore, in this work the weight assaiated to the j -th
feature of a documert is basedexclusively on the TF factor. In this case,the value
assaiated to the feature w for the centroid of the category ¢; is de ned as follows:

5The document frequency usedin the tdf representation should not be confused with D F co(w)
de ned in Section 4, which depends on the category c°
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TFd (W)
d2Training (ci)
Pc(w;g) = - — - 4.10
o (W; ) jTraining (c)j (4.10)
and the mathematical formulation of the cosine correlation is the following:
Pc(w;c) TFq(w)
Simc(ci;d) . i"WZFeatS ete . 5 . (4.11)
Pc (w; ci) TFq (W)
w2 F eatS et w2 F eatS et

It is noteworthy that the cosine correlation returns a particularly meaningful
value when vectorsare highly dimensionaland featuresde ne orthogonal directions.
As pointed out in Section4.1.1 our feature selectionalgorithm guaranteesa kind of
orthogonality property which applies to the group of features extracted from ead
categorydictionary rather than to the individual features. Therefore, the procedure
adopted for feature selectionseemsto be coheren with this classi er aswell.

We conclude by highlighting another di erence with respect to related papers
by Joachims [Joa97, [HKOO] and [LT04] where all features are usedin their ex-
periments. In this work, features are preliminarily Itered and only those deemed
most discriminant do actually cortribute to the classi cation. This seemsto im-
prove the accuracyof Rocchio classi ers [RS0J which can achieve quite competitiv e
performanceif properly trained [SSS98

SVM-probabilistic ~ classi er

Recerly, a new learning technique has emergedand becomequite popular in text
categorization becauseof its good performance and its theoretical foundations in
the computational learning theory: support vector machines (SVMs), proposedby
Vapnik [Vap99. Given a set of positive and negative examples(SVMs are de ned
for two-classegproblems)(Seesection 2.1.6){(%1,y1), (*¥2.Y2), ..., (*n,Yn )}, Where
% 2R™ (xjisadocumert vector) andy; 2{-1,+1}, anSVM identi es the hyperplane
in R™ that linearly separatespositive and negative exampleswith the maximum
margin (optimal separating hyperplane). In general, the hyperplane can be con-
structed as the linear combination of all training examples, howewver, only some
examples, called supprt vectors, do actually corntribute to the optimal separating
hyperplane, which can be represened as:

X
f(x) = Yi i%¥ x+b (4.12)
i=1
wherex; ,i=1,2, ...N , arethe support vectors. The coe cien ts ; and bare deter-
mined by solving a large-scalequadratic programming problem for which e cien t
algorithms exist, which are guaranteedto nd the global optimum.

6 Joachims [Joa97] actually Iters out all features that occur lessthen three times in the training
documents.
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SVMs are basedon the Structural Risk Minimization principle: a function that
can classify training data accurately and which belongsto a set of functions with
the lowest capacity (particularly in the VC-dimension) [Vap95 will generalizebest,
regardlessof the dimensionality of the feature spacem. Therefore, SVMs can gen-
eralizewell evenin large feature space,such asthoseusedin text categorization. In
the caseof the separating hyperplane, minimizing the VC-dimension corresponds
to maximizing the margin.

The linear separability appearsto be a strong limitation, however, asexperimen-
tally obsened by Joachims [Joa9], most text categorization problems are linearly
separable.In any case,SVMs can be generalizedto non-linearly separabletraining
data by mapping the data into another feature space F via a non-linear map:

R™ 1 F
and then performing the above linear algorithm in F. Generally the map intro duce
new features that do take into accourt the p-order correlation betweenthe input
features. Sincethe solution hasthe form:

X
fx)=yii(x); (x+b (4.13)
i=1
it is non linear in the original feature set. Yang and Liu [YL99] report that they
tested the linear and non-linear modelso ered by the SVM'9M system[Joa][Joa9q,
and obtained a slightly better result with the linear SVM than with the non-linear
models . Therefore, in our experiments we will useonly linear models.

The SVM embeddedin WebClassl| is a modi ed version of the Sequetial Min-
imal Optimization classi er (SMO) [Pla98]. The method developed by Platt is very
fast and is basedon the idea of breaking the large quadratic programming (QP)
problem down into a seriesof smaller QP problems that can be solved analyti-
cally. The samesystem has beenusedby Dumais et al. [DPHS98] in an empirical
comparisonof v edierent learning algorithms for text categorization.

Modi cation of Platt's original method is necessaryin our framework, since
the classi er learned for ead internal node of the hierarchy is of the kind one-
of-r (multi-class problem). More precisely a binary classi er is learned for eadh
couple of classesand afterwards, the probability P.(cijd) is computed by means
of a probabilistic pair-wise coupling classi cation [HT98]. Once again, the decision
taken by the classi er for eac training documert is assa&iated with a (probabilistic)
score,which is processedby the automated thresholding algorithm as explained in
Section2.4.1.

Learning complexit y

To evaluate the learning complexity of the learning algorithms, we have to consider
the analysis of complexity reported in section 2.4.3. In particular, we shaved that
the complexity of the hierarchical framework is (Equation 2.19):

n .

KT (ki g

i=1

a) (4.14)
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where d is the depth of the hierarchy, a is the number of features, f (number of
classesnpumber of training examples,number of features)is the learning complexity
of a genericclassi cation algorithm, r is the total number of classesn bethe number
of training examplesand k is the number of children of a genericinternal node (we
supposethat k is constart).

In the caseof both naive Bayes and certroid basedclassi ers, the complexity
of the learning phaseis linear in the number of training documerts, in the number
of features and in the number of classegHKO00], [Mit97]. In such a casethe time
complexity of a at classi er is O(n ar), while in the caseof hierarchical framework,
it is:

x n xd
o( K ((F k a)=0( (n k a)=0(d n k a)
i=1 i=1

Both arelinear in the number of training examplesand in the number of features.
The di erence is that the complexity of a at classier is linear in the number of
classeswhile the complexity of the hierarchical framework is linear in the product
of the number of children of ead node and the depth of the tree. Under the assump-
tion of a balanced hierarchy with constart branching factor k, we have d=logr.
Therefore the complexity of the hierarchical framework is O(n a loggr).

In the caseof SVM classi er, the complexity is linear in the number of training
documens, features and classes[Pla98]. Howewer, the SMO has been modi ed
to deal with multi-class problems and to estimate the probability P.(cijd). This
probability is computed by meansof a probabilistic pair-wise coupling classi cation
[HT98]. This modi cation makesthe algorithm linear in the number of examples
and cubic in the number of classes.Therefore the time complexity of a at classi er
is O(n ar?), while in the caseof hierarchical framework it is:

o( K ((% kK a)) = O(le (n k¥ a)=0(d n k® a)
i=1 i=1
Under the sameassumptionsgiven for naive Bayesand certroid-based classi ers,
the complexity of the hierarchical framework is O(n a loggr).
This analysis can be re ned by taking into accourt that the value of a (i.e.
number of features) may changelevel by level. More precisely:

a= ngit I Inthe at classier,
a= ngic Kk in the hierarchical framework with proper feature set,
a< ngict I in the hierarchical framework with hierarchical feature set.

Actually, in the caseof hierarchical framework with hierarchical feature set, the
number of features depends on the level of the hierarchy to which the classi er is
asseiated. For the rst level a= ngt r, in the secondlevel a= ngt (r k), in
the third levela= ngie (r k k?) andsoon.
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4.1.3 Exp erimental Results

In this section we seekanswersto the following questionswith empirical evidence:

Doesthe hierarchical classi er built with the proposedframework improve the
performancewhen comparedto a at classier?

Doesthe proposedframework minimize the (tree) distancebetweenthe correct
classand the returned one when the documert is not correctly classi ed?

Doesthe proposedframework actually improve the computational e ciency
of the learning algorithms?

What feature selectionstrategy is the most promising for hierarchical catego-
rization?

Which classi er hasthe best performancewithin the proposedframework?

Before describing results, we illustrate the three corpora usedfor this study and
the performanceevaluation measuresconsideredfor performanceevaluation.

Datasets

The three corpora chosen for this study are the recertly published benchmark
dataset Reuters Corpus Volume | (RCV1) [LYRLO4], and two collections of HTML

documents (WebClassis speci cally designedto classify HTML pages)referenced
either in the Yahoo! Seard Directory ’ or in a web directory developedin the Open
Directory Project (ODP) 8. The three corpora di er considerablyin the training set
size,in the hierarchical structure of categoriesas well asin the procedure adopted
for the classi cation of documerts. For the sake of completenessa brief description
of the documert collectionsis reported in the following.

Reuters Corpus Volume 1

Reuters Corpus Volume | (RCV1) is a benchmark dataset widely usedin text cat-
egorization and in documert retrieval. It consistsof over 800,000newswire stories,
collected by the Reuters news and information agency that have been manually
coded using three orthogonal category sets. Therefore, category codes from three
sets (T opics, Industries, and Regions) are assignedto stories:

Topic codes capture the major subject of a story.

Industry codesare assignedon the basis of the typesof businessdiscussedin
the story.

Region codesinclude both geographiclocations and economic/political group-
ings.

"http://dir.y ahoo.com/
8www.dmoz.org
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In our study, similarly to other authors [ZJYHO03], we usetopic codesfor cate-
gorization.

The main characteristic that makes RCV1 particularly suitable in our study is
the adopted coding policy. In particular, topics are organized hierarchically. The
hierarchy of topics consistsof a setof 104 categoriesorganizedin a 4-levelshierarchy.

We pre-processeddocumerts as proposedby Lewis et al. and, in addition, we
consideredonly documerts assaiated to a single category. This selectionis due to
the fact that in this study we are interested in investigating single category assign-
ment (feature selectionmethod, learning algorithms, categorization framework, and
performanceevaluation functions are all basedon the assumptionthat a document
can be assignedto one category at the most). The removal of documerts assaiated
with multiple classeshas beenalso adopted by other authors on di erent datasets
in the evaluation of single-label corpora [SS0Q.

We separatethe training setand the testing set using the samesplit adopted by
Lewis et al. In particular, documerts published form August 20, 1996to August 31,
1996(documert IDs 2286to 26150)areincluded in the training setwhile documerts
published from Septenber 1, 1996 to August 19, 1997 (documert IDs 26151 to
810596)are consideredfor testing. The result is a split of the 804,414documerts
into 23,149training documerts and 781,265test documerts. After multiple-lab el
documerts removal, we have 150,765documerts, (4,517 training documerts and
146,248testing documerts).

Y ahoo dataset

The seconddata setusedin this experimental study is obtained from the documerts
referencedin the Yahoo! Seard Directory.® We extracted all 907 actual Web docu-
mernts referencedat the top three levelsof the Webdirectory http://dir.y ahoo.com/Science.
Empty documens and documerts containing only scripts have beenremoved.

There are 6 categoriesat the rst level, 27 categoriesat the secondlevel and 35
categoriesat the third level. A documert assignedto the root of the hierarchy is
considered rejected sinceits content is not related to any of the 68 subcategories.

The datasetis analyzedby meansof a 5-fold cross-walidation, that is, the dataset
is rst divided into v e folds of near-equalsize,and then, for every fold, the learner
is trained on the remaining folds and tested on it. The system performance is
evaluated by averaging some performance measures(see below) on the v e cross-
validation folds.

dmoz dataset

The third data setusedin this experimental study is obtained from the documerts
referencedby the Open Directory Project (ODP) (www.dmoz.org)!®. We extracted
all actual Web documerts referencedat the top v e levels of the Web directory

9Documents have been downloaded on the 15" of July 2003. The dataset is electronically
available at http://lacam.di.uniba.it:8000/phd/micFiles/y ahoo_science_do cs.zip.

10Documents have been extracted in April 2004. The dataset is electronically available at
http://lacam.di.uniba.it:8000/phd/micFiles/dmoz_health_conditions_an d_diseases_do cs.zip.
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rooted in the branch HealthnConditions_and_Diseasesn. Empty documerts and
documerts cortaining only scripts have beenremoved.

The dataset corntains 5,612documerts in 221 categoriesorganizedin a v e level
hierarchy as follows:

In the rst level there are 21 categoriesand 340 documerts.

In the secondlevel there are 81 categoriesand 1,514 documerts.
In the third level there are 85 categoriesand 2604 documerts.
In the fourth level there are 32 categoriesand 1099 documernts.
In the fth level there are 2 categoriesand 55 documerts.

The datasetis analyzedby meansof a 5-fold cross-walidation. The systemperfor-
manceis evaluated by averaging performance measureson the v e cross-walidation
folds.

Both yahoo and dmoz datasetshave beenusedin order to evaluate the perfor-
mancesof the systemin presenceof noisy documerts and in presenceof documerts
with no clearly prede ned structure. This is not the caseof the corpusRCV1 whose
documernts respect a well-de ned XML structure.

Evaluation measures

Performancesof the system have been evaluated on the basis of seweral measures.
The rst measureis the standard accuracy de ned in machine learning to evaluate
the performancesof 1-of-r classi ers. It represerts the number of testing documerts
correctly classi ed over all testing documerts. It is noteworthy that in the 1-of-
r classiers context, this narrowly de ned accuracy is indeed equivalert to the
standard recall and is not equivalert to the standard de nition of accuracyin text
categorization literature that is given for classi ers basedon binary decisions. In
this caseit is the proportion of correct assignmeis amongthe binary decisionsover
all category/documert pairs. The standard text categorization accuracy measureis
well-de ned for documerts with multiple categories;the narrowly de ned accuracy
is not. [YL99]. In our analysis, we use the narrowly de ned accuracy because,
asobsened by Sebastiani[Seb032, in single-label text categorization, precision and
recall are not independert of eat other and in this caseeither precision or recall
(machine learning accuracy) can be usedas a measureof e ectiv eness.
Furthermore, we de ne other four evaluation measuresin order to provide a
more detailed evaluation of results. Intuitiv ely, if a text categorization method mis-
classi esdocumerts into categoriessimilar to the correct categories,it is considered
better than another method that misclassi esthe documerts into totally unrelated
categories. Therefore, we de ne other four evaluation measures,namely:

1. the misclassi cation error, which computesthe percertage of documerts mis-
classi ed into a category not related to the correct category in the hierarchy.

2. the genealization error, which computes the percertage of documerts mis-
classi ed into a supercategory of the correct category;
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3. the spcialization error, which computesthe percertage of documerts misclas-
si ed into a subcategory of the correct one;

4. the unknown ratio, that measuresthe percertage of rejected documerts.

The sum of the accuracy the generalization error, the specialization error, the
misclassi cation error and the unknown ratio equalsone.

Flat vs Hierarc hical classiers

The rst questionweinvestigateis the e ectiv enesf the hierarchical categorization
framework with respectto at classi cation. For afair comparison,the thresholding
algorithm has beenused both for hierarchical and at classi cation. In this way,
both algorithms are able "reject" documerts.

For evaluation purposes,se\eral feature sets(proper or hierarchical) of di erent
sizehave beenextracted for ead internal categoryin order to investigate the e ect
of this factor on the system performance. The feature set sizerangesfrom 5 to 60
featuresper category in the caseof RCV1 and Yahoo dataset, while it rangesfrom
5to 40in the caseof dmoz dataset. Collected statistics concernthe three classi ers.

Figure 4.2 shows the accuracy of dierent classiers for the three datasets.
Among at classi ers, SVM performs the best across the three datasets It is also
noteworthy that in all datasetsthe SVM or certroid-based classi ers built accord-
ing to the at approad are more accurate than the corresponding two hierarchical
classi ers built on proper or hierarchical feature sets. The situation is di erent for
NB classi ers, which do bene t of the hierarchical framework in all three datasets.
This is particularly evidert for NB classi ers built from hierarchical feature sets. If
we considerthat the naive Bayesianclassi er is particularly accuratewhenthe num-
ber of attributes is relatively small [DP97], we can explain that the naive Bayesian
classi er takesgreat advantage of the use of the Hierarchical framework.

Therefore, our secondconclusion is that there is an interaction, in terms of
accuracy, between the hierarchical framework and the type of classi er.

From a closeranalysis of the percertage of errors (reject, misclassi cation, gen-
eralization and specialization) performed by the various classi ers (seeFigures 4.3,
4.4, 4.5), we obsene that the at classi ers commit more rejection and misclassi -
cation errors (in percertage) than the corresponding hierarchical classi ers. There-
fore, with referenceto the secondquestion, we concludethat, eventhough SVM or
centroid-basel at classi ers are more accurate than the correspnding hierarchical
classi ers, they tend to commit more serious errors.

This di erence in error type is particularly signi cant for NB classi ers. Figure
4.6 shaws the distribution of misclassi cation, specialization and generalization er-
rors with respect to the (tree) distance of the wrong category from the correct one.
Statistics refer to the dmoz dataset, which is the most complexin terms of number
of categoriesand depth of the hierarchy. In general, errors are distributed quite
close to the correct category also thanks to the automated threshold de nition
algorithm that minimizes the sum of tree distances between the correct and the
predicted categories. Nevertheless,results are better for the hierarchical classi er,
sincethe distribution is more skewed towards low distance values.
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Figure 4.2: Accuracy for the three datasets: Flat vs Hierarchical with hierarchical feature
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20 features per category.
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has been executed on a Pentium 4 PC 1.4GHz running a Windo ws 2000 Operating System.

To answer the question on the actual improvemert of the computational e -
ciency of the learning algorithms, we collected statistics on the running time (see
Figure 4.7). Results are substantialy in favor of the hierarchical framework The
di erence is particularly evidert in the caseof the SVM classi er. This conrms
the analysis of complexity reported in section2.4.3and in section4.1.2

The results also show the better performancesof the hierarchical framework
with a proper feature set, with respect to the hierarchical framework with a hier-
archical feature set. This also con rms the formal analysis of complexity reported
in section4.1.2 and, in particular, the role of the number of features, which grows
proportionally to the total number of classesin the caseof a hierarchical feature
set.

Comparing hierarc hical classiers

In the previous section we answered questionson the pros and consof hierarchical
classi ers when comparedto at classiers. In this section, we investigate aspects
speci cally related to the hierarchical classi ers, namely, which is the best strategy
for feature selectionand what is the best classi er to usein combination with the
hierarchical categorization framework

From the results shavn in Figure 4.2 we obsene that for smaller feature sets
the hierarchical approach performs better than the proper approach. However,
as the number of featuresincreasesthe classi er trained with a proper feature set
asymptotically tendsto the performancesof the classi er trained with a hierarchical
feature set. This can be explained by the obsenation that, with a limited number
of features, the lower categoriesare not represened and it is necessaryto use a
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hierarchical feature set. By increasingthe number of features, the deeper categories
are better represerted and the bene ts of a hierarchical approad vanish.

For the comparisonof classi ers, we limit our study to proper feature sets. Once
again, sewral feature sets of dierent size have been extracted for ead internal
category, in order to study the e ect of this factor on the classi er performance.
Sizesrange from 5 to 60 features per category in the caseof the RCV1 and the
Yahoo dataset, while it rangesfrom 5 to 40 in the caseof dmoz dataset. Collected
statistics concern certroid-based, naive Bayes (NB) and SVM classi ers.

Figures 4.8, 4.9 and 4.10 show the performancesof di erent classi ers for eath
documert collection and for di erent sizesof the proper feature sets. For the RCV1
and the dmoz datasets,which are characterizedby a complexhierarchy (both in the
number of categoriesand in the depth of the tree structure), the bestresultsin terms
of accuracy are obtained by the SVM classi er, while for the Yahoo dataset, the
naive Bayesclassi er performs bestfor su cien tly large feature sets. The certroid-
based classi er shows the worst performance, particularly when the size of the
feature setincreases.

Looking at the errors committed in detail, it is interesting to note that:

NB and SVM shaw the sametrend, which is di erent from the trend of cen-
troids. For example, while for SVM and NB the specialization error is low
and the generalization error tends to be quite high, the situation is reversed
for certroids.

Increasing the number of the features, the percertage of misclassi cations
for NB and SVM increases,while the percertage of "rejected” documerts
(unknown error) decreases.This behavior is reversedfor certroids.

The di erent behaviour can be explained by the fact that the thresholding al-
gorithm tendsto be generally consenative (i.e. high thresholds and few documerts
passeddown) for SVM and NB, while in the caseof certroids the thresholdsbecome
more selective only for larger feature sets. Indeed, the scorescomputed by certroid-
basedclassi ers are unewvenly distributed at the extremesof the unit interval when
only a few features determine the result of the classi cation. In this situation of
binary-lik e classi cation, the thresholding algorithm cannot work properly. On the
cortrary, the scoresare lessextreme in large feature spacesand the thresholding
algorithm can work properly by reducing the high number of misclassi cations, at
the cost of increasingthe rejection rate.

Comparing NB and SVM it is noticeablethat SVM hasa higher misclassi cation
rate, while NB has a higher rejection rate. This meansthat even when they do not
perform best, NB classi ers can be a valid alternative to SVM in those application
corntexts where a commission error is consideredmore seriousthan an omission
error .

4.1.4 Related work

Some of the related works have been presened in section 2.4.4 in the cortext of
hierarchical classi cation. Here, we integrate the description already reported fo-
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Figure 4.8: Classier comparison on the RCV1 collection.
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cusing on particular aspects of the task in hand, that is, text categorization. We
alsoinvestigate di erences of our approach with respectto existing approacesboth
in terms of the method and in terms of experimertal results.

In the seminalwork by Koller and Sahami[KS97] the hierarchy of categoriesis
usedin every processingstep. For the feature extraction step a category dictionary
is built for eadh node in the hierarchy. Feature extraction is basedon an information
theoretic criterion that eliminates both irrelevant and redundant features. For the
learning step, two classi ers are used, namely the naive Bayesand KDB [Sah9§.

McCallum et al. [MRMN98] proposed a method based on the naive Bayes
learner. A unique feature set is de ned for all documerts by taking the union of
all category vocabularies. Features for a given category are selectedby means of
mutual information at ead internal node of the tree, using the node's immediate
children as classes.

In the work by D'Alessio et al. [DMSKO00] documerts are assaiated only to leaf
categoriesof the hierarchy. Two setsof featuresare assaiated to eat category, one
is positive (features extracted from documerts of the category), while the other is
negative (features extracted from documerts of sibling categoriesin the hierarchy).

Dumais and Chen [DCOO0] usethe hierarchical structure for two purposes.First,
to train seweral SVMs, one for ead intermediate node. The sets of positive and
negative examplesare constructed from documerts of categoriesat the samelevel,
and di erent feature setsare built, onefor eah category Second,to classify docu-
ments by combining scoresfrom SVMs at di erent levels. An empirical comparison
basedon a large heterogeneousollection of pagesfrom LookSmart's web directory
shaved small advantagesin accuracy for hierarchical models over at models.

In the system CLASSI by Ng et al. [NGL97], the hierarchical classi cation of
documernts is obtained by combining seweral linear classi ers according to a tree
structure (hierarchical classi er). Weights of ead linear classi er are determined
by meansof the perceptron learning algorithm. Two peculiarities of this work are
the useof WORDNET [Mil90] to replaceead word with its morphologicalroot form
and the useof the correlation coe cien t to selectthe best subsetof words. However,
F1-scorevaluesreported on the Reuters dataset are well below those reported by
Yang [Yan99 on the samedataset.

A summary of the referencedpapers is reported in Table 4.1 and in Table 4.2.
We are aware that the list of related works summarizedin the table is not exhaus-
tive, although it is represenativ e of the most well-known cortributions. For the sake
of completeness,we report a brief note on three additional works. Sun and Lim
[SLO]] have proposedthe use of category-similarity measuresand distance-based
measuresto considerthe degreeof misclassi cation in measuringthe classi cation
performance. Experiments were performed on the Reuters-22173collection with an
SVMIlight Version 3.50 implemented by Joachims [Joa]. Chuang et al. [CTYGO0O]
have tested a Rocchio-basedclassi er on a collection of approximately 200 docu-
mernts on professionalbaseballand basketball news. Finally, Tikk and Biré [TB03]
tested a certroid-based classi er on the WIPO-alpha (World Intellectual Property



104 4.1 Hierar chical Text Classifica tion

Organization, Genewa, Switzerland, 2002)'' English patent databasethat consists
of about 75000XML documerts distributed over 5000categoriesin four levels. Un-
fortunately, studieson the WIPO-alpha collection are not publicly available because
of the strongly businesssensitive nature of the researt. As future work, we plan
to extend our experimertal results to this dataset as well.

Comparison with related work: the metho d

Our work diers from previous studies in sewral respects. First, documerts can
be assaiated to both internal and leaf nodes of the hierarchy. Surprisingly, this
aspect is explicitly consideredand tested only in [Mla98b] and [RS02]. Howe\er,
unlike Mladeni¢'s work, we consideractual Web documerts referencedin the Yahoo!
ontology, and not only the items which briey describe them in the Yahoo! Web
directories. Other special conditions that are consideredin this work are: 1) no
documern for someinternal nodes;2) someinternal nodeshave only one child.

A seconddi erence is in the feature selection processfor ead internal cate-
gory. In WebClassl| it is basedon an upgrade of the technique implemented and
tested in [MEC02], named maxTF DF? |CF. Unlike other feature selection
methods proposedin the literature on hierarchical documert categorization [MG99],
maxTF DF?2 |CF answersthe demand for terms that are sharedby most of
the documerts of the samecategory and possibly no documert of other categories.
Moreover, it considersthe documert (and not a term) as an obsenation unit.

A third dierence is that we do not proposea specic method, but we inves-
tigate a framework for hierarchical text categorization that can be applied to any
classi er that returns a degreeof membership (e.g. distance or probability based)
of a documernt to a category We applied the framework to three classi ers, two of
which presert somevariants with respect to the original methods reported in the
literature.

The fourth dierence is in the developmen of a technique for the automated
selectionof thresholds for the degreeof membership returned by the classi er. The
thresholds are usedto determine whether a documert hasto be passeddown to one
of the child categoriesduring the top-down classi cation process.

Finally, we de ne new measuresfor the evaluation of the system performances
in order to capture someaspectsrelated to the semartic closenes®f the predicted
category to the actual one.

We concludeby observingthat the main cortribution of this work is the system-
atic investigation of the usageof information provided by the category hierarchy in
all aspects of text categorization, such as de nition of training sets, feature sets,
classi ers, threshold-baseddocumert classi cation and evaluation measures.

Comparison with related work: experimen tal results

Previous studies on hierarchical text categorization have already cortributed to
clarifying someaspectsthat have not beenexploredin this work. Koller and Sahami
[KS97] experimentally shawved that there is a substartial improvemen in accuracy

W http://www.wip  o.int/
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when feature selection is aggressiely employed versusthe casewhere all domain
featuresare used. This improvemert hasbeenobsenedboth in the hierarchical case
and in the at casefor Bayesianclassi ers. McCallum et al. [MRMN98] show that
aggressie feature selectionis not necessaryif shrinkageis usedto smooth parameter
estimates. Shrinkage helps especially when training data are sparse,which is the
casewhensmall setsof documerts are assignedo leaf categories. Mladeni¢ [MIa98b]
compared six feature selection techniques for automatic documert categorization,
based on text hierarchies and her conclusionswere in favor of Odds ratio when
combined with a naive Bayes classi er. D'Alessio et al. [DMSKO0O0] investigated
the possibility of restructuring a pre-existing hierarchy, and concluded that the
usageof a hierarchy, either modi ed or built from scratch, can signi cantly improve
both the speedand e ectiv enessof the categorization process. Dumais and Chen
[DCOQ] explored two ways to combine probabilities returned by the classi ers for
the rst and secondlevel of a two-level hierarchy. The multiplicativ e approac
assignsthe documernt to a leaf if the product of both probabilities exceedsa given
threshold, which is unique for all categories. The Boolean approac assignsthe
documernt to aleafif the threshold is exceededat every level. No di erence between
the two approades was obsened in terms of F1 measure, hence leading to the
recommendation for the Boolean approach which is the most e cient. Ruiz and
Srinivasan [RS02 reported good results for the (at) Rocchio classi er when both
training data and featuresare selected,and categorieshave a medium/high number
(15 of training examples. Results reported by Weigend et al. [WWP99], who
obsened that the largest gains in average precision for the hierarchical classi er
concern "rare" (i.e., with few training examples) categories, are also consisternt
with Ruiz and Srinivasan's ndings. The main di erence betweenthe two ndings
is that in the work by Ruiz and Srinivasan,rare categoriescan occur at any node in
the hierarchy, while in the work by Weigendet al. they are always leaf categories.

As to the real advantagesof the hierarchical vs. at approad, no conclusive re-
sult has beenreported for predictive accuracy Koller and Sahami[KS97] obsened
that the hierarchical approac appearsto provide few bene ts when attention is
restricted to simple classi ers, such as naive Bayes. Dumais and Chen [DCOQ]
reported minor improvemerts for hierarchical models over at models. Similarly,
Ruiz and Srinivasan [RS02] do not show a clear superiority of the HME with re-
spect to Rocchio. On the contrary, McCallum et al. [MRMN98] demonstrate that
shrinkagewith a classhierarchy signi cantly reducesthe classi cation error, Ng et
al. [NGL97] report accuracyimprovemens of the hierarchical method with respect
to the at method, and Weigend et al [WWP99] attribute a statistically signi -
cant overall improvemert of 5% for averagedprecisionto the hierarchical approad.
This con rms our experimental obsenation that there is an interaction, in terms of
accuracy betweenthe hierarchical framework and the type of classi er.

All related works examined here show the clear computational advantage of
the hierarchical approadh. We have con rmed this conclusion both analytically
and experimentally. This work, however, presens additional empirical ndings not
reported elsewhere.They are summarizedin the following points:
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1. Among at classiers, SVM performs the best acrossthe three datasets.

2. Even though SVM or certroid-based at classi ers are more accurate than
the corresponding hierarchical classi ers, they tend to commit "more serious"
errors ("severity" is basedon a tree-distance measure).

3. As the number of featuresincreasesthe classi er trained with a proper feature
set asymptotically tends to the performancesof the classi er trained with a
hierarchical feature set.

4. Errors committed by NB and SMV show the sametrend, which is dierent
from the trend of certroids.

5. Increasing the number of the features, the percertage of misclassi cations
for NB and SVM increases,while the percertage of "rejected” documerts
(unknown error) decreases.This behavior is reversedfor certroids.

All theseresults, which extend thosereported in a previouswork [CM03] [CMLEO03],
are obtained by extensive experimentation on three datasetswith category hierar-
chies of di erent complexity.

415 Conclusions

Most of the researt ontext categorizationhasfocusedon classifyingtext documerts
into a set of categorieswith no structural relationships amongthem. Howewer, in
this caseit isdi cult to browseor searth documerts in alarge number of categories.
Hierarchies are often usedto make large collections of documert categoriesmore
manageable sincethey permit the application of the well-known principle of divide-
and-conquer. The hierarchical structure is employed in many Internet directories
(e.g. Yahoo and Google Directory) and in text databases(e.g., MEDLINE and
patent databases),aswell asin other documert managemen tools (e.g. Netscape
Bookmark). Therefore, whether and how to exploit the additional information on
the hierarchical structure among categoriesin text categorization is an important
issuethat demandssystematic investigation.

Our researh addsto a growing body of work exploring how hierarchical struc-
tures can be usedto improve the e ciency and e cacy of text classication. We
have preseried and evaluated a hierarchical text categorization framework that in-
volvesthe hierarchy of categoriesin all phasesof text categorization, namely feature
extraction, learning, and classi cation of a new documert. Our conclusionis that
for large collections of documerts organizedin complex hierarchies, the hierarchical
approadc cano er two main advantages: e ciency gain and reduction of seerity of
classi cation errors. The former is particularly important whenthe hierarchy of cat-
egoriesis subject to changes,sincein the at approad changesa ect all classi ers,
while in the hierarchical approac they are all localized. The latter advantage is
quite important if a trained user cannot supervise decisionstaken by the documert
classier.

Although we obsenedgood resultsfor the at SVM acrossall three datasetsused
in our experimental validation of the framework, in the hierarchical approact the
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W ork Hierarc hy Feature | Feature Learning Training Classi cation
Sets selection set
Koller & | Doc.s A sepa- | Probabilistic| Naive Bayes | One hierar- | Greedy seard
Sahami only at | rate fea- | approach & KDB. A 1- | chical train- | of a single clas-
[KS97] the leaves | ture set of-r classier | ing set per | sication path.
for eac for each inter- | category Single category
category nal node assignment
McCallum | Doc.s A unique | Mutual in- | Shrinkage Single set Both greedy
et al. | only at | feature formation + 1-of-r and extensive
[MRMN98] the leaves | set built naive Bayes seard of classi-
from classi er. cation paths.
category Parameters Single category
vocabu- estimated assignmert.
laries for eath
category.
Mladeni¢ | Doc.s at | A sepa-| Sewral 1-of-r naive | One hierar- | Extensive
[MIa98b] | any node | rate fea- | measures Bayes classi- | chical train- | seart with
ture set | tested er ing set per | pruning.
for eac category Single class
category assignmert
D'Alessio | Doc.s A posi- | A variant | Feature One set per | Both greedy
et al. | only at |tive and | of the AC- | weight esti- | category. and exten-
[DMSKOQ] | the leaves | negative | TION al- | mation.Both Pos.: docs | sive seard
feature gorithm binary and 1- | of the cat- | with pruning.
set per of-r classier | egoryNeg.: Single or mul-
category docs of | tiple category
the parent | assignmern
category
Dumais Doc.s A sepa- | Mutual in- | Binary SVM | One set per | Extensive
& Chen | only at | rate fea- | formation classi er hierarchy seard with
[DCO0] the leaves | ture set level, with | pruning. Mul-
for eact docs of all | tiple category
category. categories assignmen
at the same
level
Ng et al. | Doc.s A sepa- | Correlation | Binary One set per | Extensive
[NGL9I7] only at | rate fea- | coecient Perceptron- category. seardr.  Mul-
the leaves | ture set based classi- | Pos.: docs | tiple category
for ead er of the cat- | assignmen
category egoryNeg.:
some se-
lected docs

Table 4.1: Classication of previous works (1 of 2)




108 4.1 Hierar chical Text Classifica tion
W ork Hierarc hy Feature | Feature Learning Training Classi cation
Sets selection set
Ruiz & | Doc.s at | A sepa-| Correlation | Neural One set per | Extensive
Srini- any node | rate fea- | coecient, | Networks category. seard. Mul-
vasan ture set | Mutual in- | for binary | Pos.: docs | tiple category
[RS02] for ead | formation, classi cation of the cat- | assignmen
category | Odds ratio egoryNeg.:
some  se-
lected docs
Weigend | Doc.s Both LSl and 2 | Neural One hierar- | Extensive
et al. | only at | separate Networks chical train- | seard. Mul-
[WWP99] | the leaves | and for binary | ing set per | tiple category
unique classi cation category assignmen
feature
set
This Doc.s at | A sep-| maxTF 1-of-r naive | One hierar- | Greedy seart
work any node. | arate DF2 IC | Bayes, chical train- | of a single clas-
Web- Internal fea- certroid- ing set per | sication path.
Classll| nodes ture set based and | category Single category
without (hierar- SVM-based assignmen
docs and | chical or classi ers.
single- proper) Automatic
child are | for ead threshold
allowed internal de nition
category

Table 4.2: Classication of previous works (2 of 2)
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naive Bayesclassi ers, built with proper feature sets,seemto be a valid alternative
to SVM, especially in those application corntexts where a "commission error" is
consideredmore seriousthan an "omission error".

In this work we have not investigatedthe possibility of restructuring the original
category hierarchy. Vinokourov and Girolami [VG02] proposeda probabilistic mix-
ture model for the hierarchic partition organization of a collection of documerts.
Sonaet al. [SVAP04] addressthe problem of documert clustering where documerts
are assignedboth to the leaves and to internal nodes. An alternativ e to building
the hierarchy from scratch is restructuring a given hierarchy on the basis of some
training examples.It can be realized by meansof a greedy procedurethat adds or
removes categoriesuntil no further improvemerts can be made. Hierarchy restruc-
turing can substartially improve the accuracy of the hierarchical approac, which
can eventually give better performancethan the at approacd.

Another limitation of this work is the consideration of a single-categoryassign-
ment rather than the more general caseof a multi-category assignmem. However,
the multi-category assignmem occurs either when the hierarchy appearsto beill-
structured with respect to documerts collected over time, or when the samedoc-
umerts can be actually classi ed along sewral dimensions. In the former case,
the single-categoryassignmeim can be kept if the hierarchy is restructured. In the
latter case,it would be better to considera multi-dimensional framework, as that
investigated by Theeramunkong and Lertnattee [TLO2]. In the future, we intend to
extend this work by consideringthe integration of both the multi-dimensional and
the hierarchical frameworks, in order to support WebClassuserswith OLAP-lik e
roll-up, drill-down and pivoting operations in an information retrieval corntext.

4.2 Document Image Analysis

The large and increasingamount of paper documerts to be processedlaily demands
for new documert managemen systemswith abilities to catalog and organizethese
documerts automatically on the basis of their contents semarics. Personal doc-
ument processingsystemsthat can provide functional capabilities of classifying,
storing, retrieving, and reproducing documerts, as well as extracting, browsing,
retrieving and synthesizing information from a variety of documerts are in ever-
growing demand [FSN99. Howewer, they operate on electronic documerts and not
on the more common paper documerts. This issueis consideredin the area of
Document Image Analysis (DIA), which investigatesthe theory and practice of
recovering the symbol structure of digital imagesscannedfrom paper or produced
by computer.

The represenation of extracted information into some common data format
is a key issue. Some general data formats (e.g. DAFS [wis95) and many ad-
hoc formats have been dewveloped for this purpose,but none of them is extensible
and general enough to hold for all dierent situations. This variety of formats
prevents the easyexdange of data betweendi erent environments. A solution to
this problem can come from the XML technology. XML has been proposedas a
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data represettation format in general,but it was originally developed to represen
(semi-) structured documerts, thereforeit is a natural choice for the represenation
of the output of DIA systems. XML is also an Internet language, a characteristic
that canbe pro tably exploited to make information presen on paper more quickly
web-accessibleand retrievable than distributing the bitmaps of documert images
on a web sener. Moreover, it is possibleto de ne somehypertext structures which
improve documert reading [WS99. Finally, in the XML documert, additional
information on the semarics of the text can be stored in order to improve the
e ectiv enessof the retrieving. This is a way to reducethe so-calledsemariic gapin
the documernt retrieving [ZG02], which correspondsto the mismatch betweenuser's
requestand the way automated seard enginestry to satisfy theserequests.

Commercial OCR systemsare still far from supporting the XML format gener-
ation satisfactorily. Most of them can save scanneddocumerts in HTML format,
but generally their appearanceon the browseris not similar to the original docu-
ments. Rendering problems, such as missing graphical componerts, wrong reading
ordering in two-columned papers, missing indentation and broken text lines, are
basically due to poor layout information extracted from the scanneddocumert. In
addition, no information on the semariics of somecontent portions is assaiated to
documerts savedin HTML format. The extraction of semarics from the documert
image requires knowledge technologies,which o er various solutions to the knowl-
edgerepreseration problem and automated reasoning,aswell asto the knowledge
acquisition problem by meansof macdine learning techniques. The importance of
knowledge technologieshas led somedistinguished researters to claim that docu-
ment image analysisand understanding belongsto a branch of arti cial intelligence
[TYS94], despite most of the cortributions fall within the area of pattern recogni-
tion [Nag0Qd. In this chapter we presert the multi-page DIA systemWISDOM++ 12
[MCBO03] (whosearchitecture is knowledge-basedand supports all processingsteps
required for semaric indexing and storing in XML format [AEMO01] and we shov
the application of the multi-relational naive Bayesian classi er Mr-SBC in Docu-
ment Understanding tasks.

4.2.1 Pro cessing Documents

The transformation processperformedby WISDOM++ (Figure 4.11) consistsof the
preprocessingof the raster image of a scannedpaper documert, the segmetation
of the preprocessedaster image into basic layout componerts, the classi cation of
basiclayout componerts accordingto the type of content (e.g., text, graphics, etc.),
the identi cation of a more abstract represeniation of the documert layout (layout
analysis), the classi cation of the documert on the ground of its layout and content,
the identi cation of semartically relevant layout componerts, the application of
OCR only to those textual componerts of interest and the storing in XML format
providing additional information on the semariic of the text.
Five of these processingsteps are knowledge-basedseeFigure 4.12), namely:

1. Classi cation of basic-blocks

12 http://www.di.uniba.it/ malerba/wisdom++/
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Figure 4.11: WISDOM++  steps
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Document analysis Document classification Document understanding

L
Document image Layout structure Class = paper Title  Authors

Figure 4.12: Layout Analysis, Document Classi cation and Document Understanding

2. Layout analysis

3. Automatic global layout analysis correction

4. Semaric indexing - documernt image classi cation
5. Semariic indexing - documert image understanding

In this sectionwe brie y describe the WISDOM++ principal steps.

Prepro cessing

Documert preprocessingconsistsin the ewaluation of the skew angle, the rotation
of the documert, aswell asthe computation of a spreadfactor. The skew angleof a
documert image|l is the orientation angle of its text baselines.It is positive when
the image is rotated anti-clo ckwise, otherwise it is negative. The evaluation of the
skew angleis essetial, sincefor the subsequen step of documert segmeiation, we
usea top-down method, which is quite fast, but generally ine ectiv e when applied
to skewed documerts. Oncethe skew angle hasbeenestimated the documert image
can be corrected by meansof an inverserotation operator.

The estimation " of the actual skew angle is obtained as the composition of
two functions: S(I), which returns a sampleregion R of the documert imagel , and
E (R), which returns the estimation of the skew anglein the sampleregion R. The
selection of a sampleregion is peculiar to WISDOM++ and has the advantage of
reducing the computational cost of the estimation step, while its main disadvantage
is the possibility of errorsin the estimation of the dominant (i.e., the most frequert)
skew in documerts with many local skewsfor text lines.

In order to selectthe sampleregion WISDOM++ computesboth the horizontal
projection prole H of the documert image and the averagenumber of pixels per
row (avpx). Then it extracts a set of regions from H: A region R; is a sequenceof
adjacert rows in H, whoseheight is greater than avpx/4. In this way, only regions
with prominent peakswill be considered,since E (R;) is more likely to be closeto
the true skew angle . Each regionis classi ed as horizontal line, text, or image as
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speci ed in [AEM99]. Sincethe focusis on the estimation of the skew angle of text
regions, the system selects,if any, the text region R; with the maximum average
density of black pixels per row. Otherwise, the systemreturns the region, classi ed
as horizontal line or image, satisfying the following conditions: its baseis smaller
than 310 pixels and it hasthe maximum averagedensity of black pixels per row.3

Once the sample region R has been selected, E (R)is computed. Let H be
the horizontal projection prole of R after a virtual rotation of an angle . The
histogram H shows sharply rising peakswith a baseequal to the character height
when text lines span horizontally, while it preserts smooth slopesand lower peaks
when the skew angle is large. This obsenation is mathematically captured by a
real-valued function, A(') = H2(j), which hasa global maximum at the correct
skewangle. Thus, nding theJ ;gtual skew anglemeanslocating the global maximum
value of A( ). Since this measureis not smooth enough for the application of
gradient techniques, the system adopts some peak- nding heuristics. Details of
these heuristics are reported in [AEMO1].

In the preprocessingphase the spread factor of the documert image is also
computed. It is de ned as the ratio of the average distance between the regions
Ri (avdist) and the averageheigh of the sameregions (avheight). In quite simple
documerts with few sparseregionsthis ratio is greater than 1.0, while in complex
documerts with closely written text regionsthe ratio is lower than the unit. The
spreadfactor is usedto de ne someparametersof the segmetation algorithm.

Separation of text from graphics

Wherever the primary goal of the documert analysisprocesss interpretation of text
data, graphic data presert within the digitized documert must be rst separated
from the text sothat subsequeh processingstagesmay operate exclusively on the
textual information. The separation of text from graphics is performed into two
steps: image segmetation and block classi cation. The former is the identi cation
of rectangular blocks enclosingcontent portions while the latter aims at discrimi-
nating blocks enclosingtext from blocks enclosinggraphics (pictures, drawings and
horizontal/v ertical lines).

WISDOM++ segmems the reduced documert image into rectangular blocks
by meansof an e cien t variant of the Run Length Smoothing Algorithm (RLSA)
[WCW82]. The RLSA appliesfour operators to the documert image:

1. horizontal smoothing with a threshold Cp;

2. vertical smoothing with a threshold C,;

3. logical AND of the two smoothed images;

4. additional horizontal smoothing with another threshold C,.

Although it is conceptually simple, this algorithm requires scanningthe image
four times. WISDOM++ implements a variant that scansthe image only twice,

Bwhen no full region satisfying these conditions exists, a sub-region of exactly 310 pixel is
selected.
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Figure 4.13: Adaptiv e threshold de nition depending on the spread factor.

with no additional cost[SC96. Furthermore, the smoothing parametersC, and C,
are adaptively de ned depending on the spread factor computed during the skew
evaluation process,while C;, is setto one tenth of the number of columnsin the
reducedbitmap (SeeFigure 4.13).

The segmetmation algorithm returns blocks that may cortain either textual or
graphical information. In order to facilitate subsequeh documert processingsteps,
it is important to classify theseblocks accordingto the type of content: text block,
horizontal line, vertical line, picture (i.e., halftone images)and graphics (e.g., line
drawings). The classi cation of blocks is performed by meansof a decision tree
automatically built from a set of training examples(blocks) of the v e classes.The
choice of a "treebased" method is due to its inherent exibilit y, sincedecisiontrees
can handle complicated interactions among features and give results that can be
easily interpreted.

The numerical features used by the systemto describe ead block are the fol-
lowing:

height: height of the reducedimage block;

length: length of the reducedimage block;

area: areaof the reducedimage block (height*length);

eccen: eccertricit y of the reducedimage block (length/height);
blackpix: total number of black pixels in the reducedimage block;

bw_trans: total number of black-white transitions in all rows of the reduced
image block;
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pblack percenage of black pixels in the reducedimage block (blackpix/area);

mean_tr : average number of black pixels per black-white transition (black-
pix/bw_tr ans);

F 1: short run emphasis;
F 2: long run emphasis;

F3: extra long run emphasis!*

Given a block description consisting of the above eleven features, the tree-based
classi cation system performs a sequenceof tests which result in the determination
of the type of the block. The sequenceof tests can vary from block to block, and
the number of di erent sequenceequalsthe number of leavesin the decisiontree.
For purposes,the learning algorithm ITI 2.0 [Utg94] is integrated in WISDOM++.

Layout Analysis

The result of the segmemation processis a list of classi ed blocks, corresponding
to printed areasin the pageimage. Each block is described by a pair of coordi-
nates, namely top left-hand corner and bottom right-hand corner, and the type.
The number of blocks is generally lessthan a hundred; thus, a segmerted pageis
certainly easierto managethan the original bitmap. Howewer, this new pagerepre-
senation is still too detailed for learning rules usedin documert classi cation and
understanding. The perceptual organization processthat aimsto detect structures
among blocks is called the layout analysis. The result is a hierarchy of abstract
represenations of the documert image, the geometric (or layout) structure. The
leaves of the layout tree (lowest level of the abstraction hierarchy) are the blocks,
while the root represerts the whole documert.

In multi-page documerts, the root represens a set of pages.A pagemay group
together seweral layout componerts, called frames, which are rectangular areas of
interest in the documert pageimage. An ideal layout analysisshould produce a set
of frames, eadh of which can be assaiated with a distinct logical componert, suc
astitle and author of a sciertic paper. In practice, however, a suboptimal layout
structure, in which it is still possibleto distinguish the logical meaning of distinct
frames, should be considereda good output of the layout analyzer.

The various approadcesto the extraction of the layout structure canbe classi ed
in two distinct dimensions: 1) direction of construction of the layout tree (top-down
or bottom-up), and 2) amourt of explicit knowledgeusedduring the layout analysis.
As to the seconddimension, Nagy and his colleagues[NKK * 88] distinguish three
levels of knowledgein the layout structure of a documert:

Generic knowledge (e.g., type baselines of a word are collinear).
Class-speci ¢ knowledge (e.g., no text line is lateral to a graphical object).

Publication-speci ¢ knowledge (e.g., maximum type sizeis 22 points).

14 Computed using the following thresholds: T1=10 and T2=20 [WS89].
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They obsene that knowledge usedin bottom-up layout analysisis necessarily
di erent from that usedfor top-down processing:it is much lessdocumert speci c.
In addition, we note that knowledgeusedin top-down approadiesis typically derived
from the relations betweenthe geometricand the logical structures of speci ¢ classes
of documents.

In Wisdom++, the applied pagedecomposition method is hybrid, sinceit com-
binesa variant of the RLSA to segmen the documert imageand a bottom-up layout
analysis method to assenble basic blocks into larger componerts called frames.

More precisely the layout analysisis donein two steps:

1. A global analysis of the documert image in order to determine possible ar-
eascontaining paragraphs, sections,columns, gures and tables. This step is
basedon an iterativ e process,in which the vertical and horizontal histograms
of text blocks are alternativ ely analyzedin order to detect columns and sec-
tions/paragraphs, respectively.

2. A local analysis of the documert to group together blocks which possibly fall
within the samearea. Three perceptual criteria are consideredin this step:
proximity (e.g. adjacert componerts belongingto the samecolumn/area are
equally spaced),continuity (e.g. overlapping componerts) and similarity (e.g.
componerts of the sametype, with an almost equal height).

Pairs of layout componerts that satisfy someof these criteria may be grouped
together. Each layout componert is assaiated with oneof the following types: text,
horizontal line, vertical line, picture, graphic and mixed. When the constituent
blocks of a logical componert are homogeneousthe sametype is inherited by the
logical componert; otherwise, the assaiated type is set to mixed. The layout
structure extracted by WISDOM++ is a hierarchy with six levels: basic blocks,
lines, set of lines, framel, frame2, pages.

Experimental results proved the e ectiv enessof this knowledge-basedapproact
on imagesof the rst pageof papers published in conferenceproceedingsand jour-
nals [AEMO1]. Howewer, performance degenerateswhen the system is tested on
intermediate pagesof multi-page articles, where the structure is much more vari-
able, due to the presenceof formulae, images,and drawings that can stretch over
more than one column, or are quite close. The majority of errors made by the
layout analysismodule werein the global analysisstep, while the local analysisstep
performed satisfactorily when the result of the global analysis was correct.

To avoid this problem, WISDOM++ supports the userduring the correction of
the results of the global analysis. This is done by allowing the userto correct the
results of the global analysis and then by learning rules for layout correction from
his/her sequenceof actions [BCEMO03] [MEA * 03]

Global analysis aims to determine the general layout structure of a page and
operateson a tree-basedrepresenation of nested columns and sections. The levels
of columns and sectionsare alternated 4.14, which meansthat a column contains
sections, while a section cortains columns. At the end of the global analysis, the
user can only seethe sectionsand columnsthat have beenconsideredatomic, that
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Figure 4.14: Layout tree. Columns and sections are alternated.

is, not subject to further decomposition. The user can correct this result by means
of three di erent operations:

Horizontal splitting: a column/section is cut horizontally.
Vertical splitting: a column/section is cut vertically.

Grouping: two sections/columnsare mergedtogether.

After ead splitting/grouping operation, WISDOM++ recomputesthe result of
the local analysis process,sothat the usercanimmediately perceive the nal e ect
of the requestedcorrection and can decidewhether to con rm the correction or not.

Rules for the automated correction of the layout analysis can be automatically
learned by means of the learning system ATRE [Mal03]. The learning problem
solved by ATRE can be formulated as follows:

Given

a set of conceptsCy; Cy; ::; C; to belearned,
a set of training obsenations O described in a languageLO,

a user's preferencecriterion PC,

that T is complete and consistert with respect to O and satis es the preference
criterion PC. In the context of the global analysiscorrection, the set of conceptsto
be learned are split(X)=horizon tal, split(X)=v ertical, group(X,Y)=true, since we
are interestedto nd rules predicting both when to split horizontally/v ertically a
columns/section and when to group two columns/section. No rule is generatedfor
the casesplit(X)=no_split and group(X)=false. The preferencecriterion PC is a
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set of conditions usedto discard some solutions and favor others. In particular,
we prefer short rules that explain a high number of positive examplesand a low
number of negative examples.

In practice ATRE learns operations that are expressedas a set of production
rulesin the form of an anteceden and a consequety wherethe anteceder expresses
the precondition to the application of the rule and the consequeh expresseshe
action to be performed in order to modify the layout structure.

Do cument Classi cation

After having detectedthe layout structure, the logical componerts of the documert,
such astitle, authors, sectionsof a paper, canbeidenti ed. The logical componerts
can be arranged in another hierarchical structure, which is called logical structure.
The logical structure is the result of repeatedly dividing the content of a document
into increasingly smaller parts, on the basis of the human-perceptible meaning of
the content. The leaves of the logical structure are the basic logical componerts,
sudh as authors and title. The heading of an article encompasseghe title and
the author and is therefore an example of composite logical componert. Composite
logical componerts are internal nodesof the logical structure. The root of the logical
structure is the documert class(e.g. sciertic paper, letter or censorshipcard).
WISDOM++ supports two-level logical structures, wherethe documert classis the
only composite logical componert.

The problem of nding the logical structure of a documert can be cast as the
problem of assaiating somelayout componerts with a correspondert logical com-
ponert. In WISDOM++ this mapping is limited to the assaiation of a pagewith
a documert class(documert classi cation) [EMS* 90] and the assaiation of second
frameswith basiclogical componerts (documert understanding) [TA90].

Classi cation of multi-page documerts is performed by matching the layout
structure of the rst page against models of classesof documerts. These models
capture the invariant properties of the images/layout structures of documerts be-
longing to the sameclass. They are rules expressedn a rst-order logic language,
sothat the documert classi cation problem can be reformulated asa matching test
betweena logic formula that describesa model and another logic formula that rep-
reserts the image/layout properties of the rst page. The choiceof a rst-order logic
languageanswers to the requiremert of exibilit y and generality. In this language
unary function symbols, called attributes, are usedto describe properties of a single
layout componert (e.g. height and length), while binary predicate and function
symbols, called relations, are usedto expressspatial relationships between layout
componerts. A complete list of attributes and relations is reported in Table 4.3. A
partial description of the pagelayout of the documert in Figure 4.15follows:

image_lenght(1)=3468, image_width(1)=2418,

part_of(1,2)=true, part_of(1,3)=true, ..., part_of(1,25)=true,
width(2)=15, width(3)=20, ..., width(25)=429,

height(2)=239, height(3)=4, ..., height(25)=24,
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Figure 4.15: Example of layout components at the Frame 2 level

type_of(2)=text, type_of(3)=text, ..., type_of(25)=text,
X_pos_centre(2)=20, x_pos_centre(3)=398, ..., X _pos_centre(25)=334,
y_pos_centre(2)=420, y_pos_centre(3)=28, ..., Yy_pos_centre(25)=558,
on_top(3,9)=true,  on_top(9,8)=true, .., ON_top(19,20)=true,
to_right(2,11)=true, to_right(2,15)=true, ..., to_right(25,5)=true,
alignment(3,13)=only_right_col, alignment(9,12)=only_right_col,

alignment(7,8)=only_upper_row.

The constart 1 denotesthe whole page,while the constarts 2, 3, ..., 25 denotethe
layout componerts at the frame2level. Indeed, in order to reducethe computational
complexity of the classi cation problem, WISDOM++ restricts the description of
the documert to the properties of the frame2 layout componerts alone. The de-
scription is a logical conjunction of literals of the form:

f(ty;th) = Value

wheref isann-ary function symbol, that is an attribute or relation, t;'s are constart
terms, and Value is one of the possiblevaluesof f 's domain.
An example of model de ned by a single rule is the following:

class(X1)=dif_cen_decision
part_of(X1,X2)=true,
y_pos_centre(X2) 2 [754 .. 841],
alignment(X2,X3)=only_left_col.
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Attribute/relation Extracted De nition

name from

image_length(doc) Image Integer domain: (1 .. 5000)

image_width(do c) Image Integer domain : (1 .. 4000)

width(blo ck) Pagelayout | Integer domain: (1..640)

height(blo ck) Pagelayout | Integer domain: (1..890)

X_p os_certre(blo ck) Pagelayout | Integer domain: (1..640)

y_p os_centre(block) Pagelayout | Integer domain: (1..875)

type_of(blo ck) Pagelayout | Nominal domain: text, hor_line, im-
age,ver_line, graphic, mixed

part_of(page,blo ck) Pagelayout | Boolean domain: true if page con-
tains block

on_top(blo ck1,block?2) Pagelayout | Boolean domain: true if blockl is
above block2

to_righ t(blo ckl,block2) | Pagelayout | Booleandomain: true if block2 is to
the right of blockl

alignment(blo ck1,block2) | Pagelayout | Nominal domain:
only_left_col, only right_col,
only_middle_col, both_columns,
only_upp er_row, only_lower_row,
only_middle_ro w, both_ro ws

Table 4.3: Attributes and relations used to describe both the models and the documents to be
classi ed
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where X1 is a variable denoting the whole page, while the remaining variables X2
and X3 denote two layout componerts at the frame2 level.
The learning system embeddedin WISDOM++ for documert classi cation is
ATRE [Mal03]. The learning problem solved by ATRE canbeformulated asfollows:
Given

a set of conceptsCy;Cy, ..., C, to be learned,

a set of obsenations O described in a languagel o,

a badcground knowledge BK described in a languagelL g ,
a languageof hypothesesL  ,

a generalizationmodel over the spaceof hypotheses,

a user's preferencecriterion PC,

Find a (possibly recursive) logical theory T for the conceptsCy;C,, ..., C;,
such that T is completeand consistert with respectto O and satis es the preference
criterion PC.

As to the represenation languagesthe basiccomponert is the literal in the two
distinct forms:

f(ty, ..., tn) = Value (simple literal) f (t;, ..., ty) 2 Range (setliteral),
wheref and g are function symbols called descriptors, ti's and s;'s are terms, and
Rangeis a closedinterval of possiblevaluestakenby f . Someexamplesof literals are
the following: color(X 1)=r ed, height(X,) 2 [1.1 .. 1.2], and on_top(X, Y)=true .

Document Image Understanding

In document image understanding, layout componerts are assaiated with logical
componens. This assaiation can theoretically a ect layout componerts at any
level in the layout hierarchy. Howewer, in WISDOM++ only frame2 componerts
are assaiated with somecomponert of the logical hierarchy. Moreover, only layout
information is usedin document image understanding. This approac di ers from
that proposedby other authors [KDKOO] which additionally make use of textual
information (e.g. text pattern), font information (e.g. style, size, boldness,etc.)
and universal attributes (e.g. number of lines) given by the OCR. This diversity
is due to a dierent corviction on when an OCR should be applied. We believe
that only somelayout componerts of interest for the application should be subject
to OCR (e.g., title and authors, but not gures and tables of a sciertic paper),
hence documert understanding should precedetext reading and cannot be based
on textual features. Two basic assumptionsare made:

1. Documerts belonging to the sameclasshave a set of relevant and invariant
layout characteristics (page layout signature).

2. It is possibleto identify logical componerts by using only layout information.

In section4.2.3we will explain how we integrate WISDOM++ with Mr-SBC to
solve the documen Understanding problem.



122 4.2 Document Image Anal ysis

Generating a document in XML format

Data concerningthe result of documert processingcan be stored in XML format so
that the resulting XML documert, which includes semartic information extracted
in the document analysisand understanding processesis accessiblevia web through
gueriesat a high level of abstraction.

The simplest transformation consistsin attaching documert imagesto XML
pages, after having corverted bitmaps into a format supported by most browsers
(e.g. GIF or JPEG). Nevertheless,this approach presers at least four disadvan-
tages. First, compressedraster imagesare still quite large and their transfer can
be unacceptably slow. Second,the original documert can only be viewed and not
edited. Third, in the caseof multi-page documerts, pagescan be presened only
in a sequetiial order, thus missing the advantages a hypertext structure which
supports documert browsing. Fourth, additional information about the semartics
of the content cannot be represerted, hence no sematrtics-based retrieval facility
can be supported. Therefore, it is important to transform documert imagesinto
XML format by integrating textual, graphical, layout and semartic information ex-
tracted in the documen analysisand understanding processesMoreover, the XML
speci cation includes a facility for physically isolating and separately storing any
part of a documert, for example, storing data without cortamination of formatting
information.

A DTD is assaiated to ead documert classand the XML documernt refersto
the appropriate DTD. In the following, an example of a DTD generatedby WIS-
DOM++ for the class tpami is reported.

<! standad DTD le for tpami class >

<IELEMENT tpami (logic-structure?,geometric-structure)>

<IELEMENT logic-structure (unde ned ja liation jpage-numler j gure jcaption
jindex-termjrunning-headautharititle jabstractjbiografyjreferencegparagraphjsection-
title jsubsection-title)*>

<IELEMENT unde ned (paragraph)*>

<IATTLIST unde ned ID NMTOKEN #IMPLIED>

<IELEMENT a liation (paragraph)*>

<IATTLIST aliation ID NMTOKEN #IMPLIED>

<IELEMENT page-numler (paragraph)*>

<IATTLIST page-numlgr ID NMTOKEN #IMPLIED>

<IELEMENT gure (paragraph)*>

<IATTLIST gure ID NMTOKEN #IMPLIED>

<IELEMENT caption (paragraph)*>

<IATTLIST captionID NMTOKEN #IMPLIED>

<IELEMENT index-term(paragraph)*>

<IATTLIST index-termID NMTOKEN #IMPLIED>

<IELEMENT running-head(paragraph)*>

<IATTLIST running-headD NMTOKEN #IMPLIED>

<IELEMENT autha (paragraph)*>
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<IATTLIST authar ID NMTOKEN #IMPLIED>
<IELEMENT title (paragraph)*>
<IATTLIST title ID NMTOKEN #IMPLIED>
<IELEMENT abstract (paragraph)*>
<IATTLIST abstract|ID NMTOKEN #IMPLIED>
<IELEMENT biografy (paragraph)*>
<IATTLIST biografyID NMTOKEN #IMPLIED>
<IELEMENT referencegparagraph)*>
<IATTLIST referencesD NMTOKEN #IMPLIED>
<IELEMENT paragraph(paragraph)*>
<IATTLIST paragraphlD NMTOKEN #IMPLIED>
<IELEMENT section-title (paragraph)*>
<IATTLIST section-titleID NMTOKEN #IMPLIED>
<IELEMENT subsection-title(paragraph)*>
<IATTLIST subsection-tittelD NMTOKEN #IMPLIED>
<IELEMENT paragraph(#PCD ATAjTAB)*>
<IELEMENT TAB EMPTY>
<IELEMENT geometric-structurgiimage, blocklevels)>
<IELEMENT imageEMPTY>
<IATTLIST imageurlimage CDATA #REQUIRED
length NMTOKEN #REQUIRED
width NMTOKEN #REQUIRED
formatimageNMTOKEN #REQUIRED
resolutionNMTOKEN #REQUIRED>
<IELEMENT blocklevels(basic-blak, line, seto ine, framel,frame2)>
<IELEMENT basic-blek (block+)>
<!IELEMENT line (block+)>
<IELEMENT seto ine (block+)>
<IELEMENT framel (block+)>
<IELEMENT frame2 (block+)>
<IATTLIST basic-blak numBB NMTOKEN #REQUIRED>
<IATTLIST line numL NMTOKEN #REQUIRED>
<IATTLIST seto ine numSLNMTOKEN #REQUIRED>
<IATTLIST framelnumF1NMTOKEN #REQUIRED>
<IATTLIST frame2numF2NMTOKEN #REQUIRED>
<IELEMENT block EMPTY>
<IATTLIST block indexblak NMTOKEN #REQUIRED
top NMTOKEN #REQUIRED
bottom NMTOKEN #REQUIRED
left NMTOKEN #REQUIRED
right NMTOKEN #REQUIRED
physical-ype NMTOKEN #REQUIRED
subblakslist CDATA #IMPLIED
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label (unde nedja liation jpage-numler j gure jcaption jindex-termjrunning-
headjautha jtitle jabstract jbiografy jreferencegparagraphjsection-title jsubsection-
titte) "unde ned" >

The keyword ELEMENT introduces an elemen declaration which represerts
the information on the semartics of the content (e.g. a liation, page-rumber, g-
ure, caption, index-term, running-head, author, title, abstract, biografy, references,
paragraph, section-title, subsection-title, unde ned'®). An elemert may have no
content at all, may have a corntent of only text, of only child elemen, or of a
mixture of elemers and text. For example, in the DTD presened the content of
the elemen tpami is a child elemen, which is structured. An attribute may be
assaiated with a particular elemen in order to provide re ned information on an
elemen. Examplesof attributes arethe URL, the height, the width, the format and
the resolution of a documert image. All the attributes are declaredseparatelyfrom
the elemen, but are usually declaredtogether, in the attribute list declaration. It
is also noteworthy that the DTD generatedby WISDOM++ distinguishesthe logi-
cal structure (logic-structure) from the layout structure (geometric-structure). The
layout structure is usedfor storing purposes,in particular it is usedto build XSL
speci cations in order to render the documert similar in appearanceto the original
documen, since XML languageis not concernedwith visualization aspects.

The XML documert generatedcan be stored in an XML-based Content Man-
agemen System (XMLCM), which is the badk-end of WISDOM++. XMLCM uses
the XML languageto represei/manage documerts, structured data and metadata
(DTD or XML Sdiema) and to exchange them over Internet. Becauselnternet-
based applications deal with complex, heterogeneousand worldwide information,
the XMLCM is based on basic open communication standards for information
processing,such asHTTP, XML and SOAP.

4.2.2 Wisdom++ architecture

The generalarchitecture of WISDOM++, shawn in 4.16, integrates seweral compo-
nents to perform all the stepsreported in the previous section.

The SystemManager managesthe system by allowing user interaction and by
coordinating the activity of all other componerts. It interfacesthe systemwith the
data basemodule in order to store intermediate information. The System Manager
is also able to invoke the OCR on textual layout blocks which are relevant for the
speci ¢ application (e.qg., title or authors).

The Image ProcessingModule is in charge of the image preprocessingfacilities
and is able to perform a seriesof image-to-image transformations. The Layout
Analysis Module is in charge of the separation of text from graphics and the layout
analysis. It interfacesthe ITI decisiontree learner for basic block classi cation.
The Production System for Layout Correction Module is able to use production
rules extracted by ATRE, it operates with a forward-chaining control structure.

15The element unde ned refers to all those logical components of no specic interest for the
application.
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Wisdom++ core

Figure 4.16: WISDOM++  architecture
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The production systemis implemented with a theorem prover, using resolution to
do forward chaining over a full rst-order knowledge base. The system maintains
a knowledge base (the working memory) of ground literals describing the layout
tree. Ground literals are automatically generatedby WISDOM++ after the execu-
tion of an operation. In ead cycle, the system computesthe subsetof rules whose
condition part is satis ed by the current contents of the working memory (match
phase). Con icts are solved by selectingthe rst rule in the subset. The Production
System for Layout Correction Module returns a hierarchy of abstract represena-
tions of the documen image, the geometric (or layout) structure, which can be
modeled by a layout tree. The Document Classi cation Module is in charge of the
documert classi cation. It interfacesthe systemATRE for the learning phase. The
Document understanding Module is in charge of the document understanding phase
and interfacesthe system Mr-SBC that is able to induce a statistical classi cation
model on the basis of the documert descriptions. Mr-SBC aims at automatically
assaiating somelayout componerts with componerts of a logical hierarchy. Af-
ter documert classi cation and understanding, WISDOM++ actually replacesthe
low-level image feature space(based on geometrical and textural features) with a
higher-level semariic space. Query formulation can then be performed using these
higher level semartics, which are much more comprehensibleto the userthan the
low level image features [Bra00]. Finally, the XML Generator Module is used to
save the documert in XML format. It transforms documert imagesinto XML for-
mat by integrating textual, graphical, layout and logical information extracted in
the documert analysis and understanding processes.

4.2.3 Naiv e Bayes Multi-relational Classi cation in Docu-
ment Image Understanding

In the proposedframework, WISDOM++ makesuseof Mr-SBC for the Documert
Image Understanding processin order to recognizeand classify signi cant logical
componerts in the processeddocumerts.

Mr-SBC ts well for the task in hand for three important reasons: First, the
preprocessingstep is straightforward and simply consistsin creating a Database
schema by isolating and transforming interesting relational tables that are already
stored in the WISDOM++ database. This is performed by meansof SQL views.
The preprocessingwould be much more complicate in the caseof systemsthat work
on a set of main-memory Prolog facts. In fact, facts correspond to tuples stored on
relational databases,some pre-processingis required in order to transform tuples
into facts. Anyway, this has somedisadvantages. First, only part of the original
hypothesis spaceimplicitly de ned by foreign key constraints can be represerted
after somepre-processing.Second,much of the pre-processingmay be unnecessary
sincea part of the hypothesisdescribed by Prolog facts spacemay never be explored,
perhapsbecauseof early pruning. Third, in applications where data can frequertly
change, pre-processinghas to be frequertly repeated. Finally, database schemas
provide the learning systemfree of charge with useful knowledgeof data model that
can help to guide the seard process. This is an alternativ e to asking the usersto
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specify a languagebias.

Second,in the Documert Image Understanding problem, the spatial location of
layout componerts should be taken into accourt. This becausethe model should
capture someinvariant aspects related to both spatial properties of layout compo-
nents and spatial relations among componerts (directional and topological). These
aspects are implicitly de ned by the relative positioning of spatial objects with re-
spect to somereferencesystem. Modeling these spatial relations is a key challenge
in classi cation problems that arise in spatial domains [SSV" 02] and Mr-SBC is
able to deal with sud relations.

Third, we use a statistical classi er that returns, in addition to the prediction,
the con dence of the classi cation. On the contrary, in somelLP systemsthe result
is a categorical output which corvey no information on the potential uncertainty
in classi cation. Small changesin the attribute valuesof an object being classi ed
may result in sudden and inappropriate changesto the assignedclass. Missing
or imprecise information may prevent a new object from being classi ed at all.
This is an important aspect in Documert Image Understanding, where data often
presert irregularities and noisedue to the scanningprocedure,to the format of the
documernt, to ink speds and soon.

Mr-SBC for Document Understanding

Although Mr-SBC can be used to solve the Documert Understanding problem,

somemaodi cations are necessary In particular, it is necessaryto modify the seard

strategy in order to allow acyclic paths. As obsened by Taskar and his colleagues
[TAKO2], the acyclicity constraint hinders represenation of many important rela-

tional dependenciessodecreasingin exibilit y. This is particularly true in the task

in hand, where a relation between two logical componerts is modeled by means
of a relational table that expresseshe existence of the topological relation. For

example, suppose we need to model the relation on_top betweentwo blocks, in

a databasepoint of view, this is realized by meansof the table block and a table

on_top cortaining two foreign keysto the table block (see gure 4.17). The refer-

encedblocks are consideredone on top the other. In the original formulation of the

problem solved by Mr-SBC, it is not possibleto meet the sametable in a foreign

key path (seesection3.3.1) so, it is not possibleto take into accourt the topological
relation. To avoid this problem, we modi ed the de nition of foreign key path,

allowing cyclic paths:

De nition 4.1 A for eign key path is an ordered sgguene of tables# = (T;,; Ti,;:::;
where

8 = Luns Ty, 2T

8 = 1;:is LT, hasa foreign key to the table T;, or T;; hasa foreign
key to the table T;, ,

where T is the set of tablesof a relational datatase.
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Figure 4.17: Modeling a topological relation

The secondproblem concernsthe conceptsto be learned. In Documenrt Under-
standing, it is possiblethat the samelayout componert is assaiated to two di erent
logical labels. For example, supposethat the layout analysisis not able to separate
the page number and the running head of a sciertic paper. In this casewe have
a single layout componert that cortains two logical componerts: the page number
and the running head. In this casethe classi er should assaiate that componert
with two labels. For this reason,it is necessaryto resort to a multi-classi cation
problem. In particular, we adopted the following solution: we learned a binary
classi er for eadh class,ead classi er is able to identify examplesbelongingto that
classand examplesthat do not belongto it. This solution is usually adopted in text
Categorization when the problem is to establishif a documert belongsto a particu-
lar classor not [Seb02].1t is noteworthy that in the learning step we independenly
train oneclassi er at atime becauseMr-SBC is not able to learn multiple concepts
in parallel.

The use of multiple classi cation leads to another problem: the unbalanced
datasets. In fact, data can be characterized by a predominant number of negative
exampleswith respectto the number of positive examples. Seweral approacesthat
face the problem of the unbalanced datasets have been proposedin the literature.
Some of them are basedon a sampling of examplesin order to have a balanced
dataset [MG99]. Other approaches are basedon a di erent idea: given the class,
a ranking of all the examplesin the test set from the most probable member to
the least probable menber is computed and then, a correctly calibrated estimate
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of the true probability that ead test exampleis a menber of the class of inter-
est is computed [ZEO1]. In other words, a probability threshold that delimitates
the membership and the non-menbership of a given test example to the classis
computed. In our approad, we exploit the consideration that the naive Bayesian
classi er for two-classproblems tends to rank exampleswell (even if the classi er
doesnot return a correct probability estimation)[ZEO1](section 2.2.3). Our thresh-
old is determined by maximizing the AUC (Area Under the ROC Curve) [PF01]
[LFO3b]. The ROC curveis de ned in the ROC spacethat denotesthe coordinate
systemusedfor visualizing classi er performance. In ROC space, TP (True Positive
rate) is represeried on the Y axis and FP (False Positive Rate) is represeried on
the X axis. Each classi er is represerted by the point in ROC spacecorresponding
to its (FP; TP) pair. For modelsthat produce a cortinuous output, e.g., posterior
probabilities, (such as naive Bayesian) TP and FP vary together as a threshold on
the output is varied betweenits extremes (eac threshold de nes a classi er); the
resulting curve is called the ROC curve.

The expected cost of applying the classi er represetted by a point (FP,TP) in
ROC spaceis:

cost=P(Cij) 1 TP) c(: C;C)+P(:Ci) FP ¢(Ci;: Cy) (4.15)

where P (C;) is the a-priori probability that an examplebelongsto the classC;,
P(: C;) is the a-priori probability that an exampledoesnot belongto the classC;,
c(: Ci; Cy) is the cost of classifying a positive example as negative (for the classC;)
and c¢(Ci;: C;) is the cost of classifying a negative example as positive. We denote
as CostRatio the value:

c(Ci;: Ci)

CostRatio = ———=
c(: Ci;Ci)

(4.16)

Use and integration

WISDOM++ allows users,in the training phase,to manually label layout compo-
nernts by meansof a userinterface. The usercanassignoneor morelabel to a frame2
componert, user's labels are automatically stored in the WISDOM++ Database.
In gure 4.18, a system interface snapshotis shavn. In particular, it represerns
the processingphaseof the rst pageof a paper appearedin IEEE Transactionson
Pattern Analysis and Machine Intelligence. The document hasbeenacquired by a
scannerand has beenprocessedas speci ed in section4.2.1.

Oncethe manual labeling hasbeencompleted, the usercanrun the learner. Mr-
SBC is activated by WISDOM++ and operateson data stored in the WISDOM++
Database. When Mr-SBC completesthe learning, the classi cation model is stored
in the lesystem and WISDOM++ can useit to automatically recognizelayout
componerts of a new testing documert.

The Mr-SBC databaseinput schema(see gure 4.19)represetts the logical struc-
ture of a documernt image. In particular, we represen both locational features,
geometrical features, topological features and aspatial features:



Image Anal ysis

25 tpamil - 1.5 - Wisdom 4+

Ble Cperate Wew Barameters Leaning Management Help
| 6| w5 8Bl | sle|Be s sl a] s e ] ]« <] le e

v Active Testing Model for Tracking Roads
in Saleliite Images

cirncge 4 wobeg ) i Heres T S ar e moR- mmr s ek b oemen i -ddor, Lurapmask w0 aled 3 ate i
o b v e an R e e 1 ok 0T oRerv 27 S idls omdl S oowme eay of Jare e 2l s Tom sy

Ghengor” N ince e el e Grabet s WO, 30 E A e 1R R A R T N 35

oty bt e Jur Ppeiaon® vﬁ?._rm....._....s..: o e Db TR e A GG 2 e Eeed 1
R T T e LRI U TR L Er R, e L R T e T B 1
vl dacd gy red e A el T, R s ke im0t el 00 0 Sy 3R e < b T e
301 S 43 Lt (4 1 v L8 RO R o P ey ey e g e § (i, |
T s B et o aneh g e ol Wi 1R 1t i U S sbrealk: SIST S Mgy w o s s
e i 11 R CHWETY S TR0 Fre | 36 it i, ke ol B ) £ Eon I T e S 1§ ey e

L

|
i
i
CIEFERTETT reuivs ame Srmech K DER 03 1060 1 rila e AHES, mrn R b Forraril & parater BTl vl : 4

4.2 Document

130

%ﬂ:&nmﬁﬁﬂ_ e

Eﬂﬂg R A A P e
YV i qunihnitat SPOT sl cogens wis
St mresdesian af maese Thie & e wmndiste gaal
A el s o o piogch Wil L dévosslislad ra 54

sgazee uh e gt el b i e e st Py A

srurrsd sqgupach Poclee bsbag”y G eusiboian an

Fioin Heaf e G aiskes el il grcdesfe e mivan Lapl]
o aekhad e eighe” qresstions i Bie ghn” ende e i
srsibin :!l... i S TREEBEY Cuinbara W heoe aly

serroahle sheapes, Ay 37 B isichen nmmenit s ppes
o phetegearoe of 1ip el A prdeseey wemom,
ey a0od aind mimnaes] chadier apocarod in 1104, 2 Twl ey
10 Pnral ek et spp e dlepho,

T L et w2l R S el Diied B b =
iasalibe k?. il car Salilim ) dashsee” ared g (it
a0 “prin’y dlmibition e hepathyses wohic b et

*, ..,. L 1...13”:5. or e _.azn A aning

g o b RIEH s HHICL Apeerding o 1w W Wl

e saanis K, T _.unwp-d ln..._:#l. Uleabes o vegf

._._MP Shrin sl b a‘._ﬁ!ﬂ.:_. Follh Lo VB (oo

B _S.ov._!ﬂ._ shrnb whit e e Ve nwh b odd-

W e L e R AT s, S R
Sl TN P
Bt Bl d

At e g I

AT B AL N e,

For el 30 Sbariets LT 8 drn e s s

SEECA Ly b e I

s A B, TS, dirsaiend

For Help, prass Fi

fem ety

ﬂ.w._.mﬂ_ﬂuﬁ. %t Fownwald e bl By bpr i)

st aplindod by Gl |

s ) fambaatit B iy e
o F vt ol thie ek O sl T rsis DS suerspands
Lo faall

i I i a1 fwgks, ssch lepart
1bg Brarain apaeeh 4 gumdle ket mingoabs nd cad
e indrad s m asignied cas of dhe My damms, 11 8
s 1 e T bl ks S g b e g i
At 1 il U bemd 51 s e b sy sl o i
ert webvasg phre il sk el Pl anbane ent nodes 2:0ng .ﬂ
wama 3ok, The teding e is mpartod 2: 2 oode e o
vy danriiiaio, Mol e chots wold B sdsoi Iy
ST M PR RO B Al AT e P e
Arm i Vsl i 6. Lt aesmers pbar o pst,
i sk Basowet e st a fooed ol o anourecy g
shess. aphazafion pobboms & IACKIBIE Al el
ooti- kanally guear seese e of CERd e WS e
bl L et AR S hiusen gt 1R Thes prisipe] =
el i e B e el s B e e
whal i eiler e e maihy Aol unerizirly al
e uliuk £,

PR L T A P E R TN i e o PR N S S L T
Toag UARD madl e eitevimp] by, rompaciod
e, v ) hymad on S g i T [Revewes, oot o
letiem wf pgehuimge. it & cnscwnble oropeeragric ard i
LB #PESE B r1hom TSE. 1 108 % PRSP BT B ea
e e, LR Ll 1y i Wy bemab e e
8 o b g ...K.ru...._vﬁ_,-_.:s_.:. of

_u_q;x_.! .T...E_. _...__.,.r..__—_..._\_vo&__...._.!mqi.r
Sila- i i Eacking,

Document:Muki Page  [Page:1j14 LeveliFrameZ

Block Typeiall

e

Figure 4.18: Training the system
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Figure 4.19: Mr-SBC Database input schema

Locational featuresidentify the position of the component with respect to a
coordinate system. They are: X_pos_center andy_pos_center and represen
the coordinates of the certroid along x/y axis of a logical componert.

Geometrical features are width and height and represen the dimensionsof a
logical componert.

Topological features represert relations betweentwo componerts. They are:
on_top and to_right, that de ne locational relations; in addition we use:

only_right_c ol, only_midd le_r ow, only_lower_r ow, only_midd le_col, only_left c ol

and only_upper_r ow that de ne the alignment of componens.

We also usethe aspatial feature type_of that speci es the cortent type of a
logical componert (e.g. image, text, horizontal line).
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4.2.4 Exp erimental Results
Input Data Description

To investigate the applicability of Mr-SBC in Documert Understanding, we consid-
ered twenty-one papers, published as either regular or short, in the IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, in the January and February
issuesof 1996. Each paper is a multi-page documert; therefore, we processedl97
documernt imagesin all. For 197 documert imagesthe usermanually labeledlayout
componerts.

The total number of labeled components is 2436,that is, in average,116 compo-
nerts per documert, 12.37per page. About 74% of frame2 layout componerts have
beenlabeled. The remaining componerts are consideredas irrelevant for the task
in hand or are consideredas noise . They are automatically consideredunde ned.
A description of the dataset is reported in table 4.4.

The performance of the learning task is evaluated by meansof a 5-fold cross-
validation, that is, the set of twernty-one documents is rst divided into v e blocks
(or folds) 4.4, and then, for every block, Mr-SBC is trained on the remaining blocks
and tested on the hold-out block. For ead fold, Mr-SBC is trained 16 times, i.e.
one for eat conceptto be learned.

In table 4.5, the set of conceptsis reported. The table also reports the aver-
age number of positive examplesand negative examplesfor ead learning problem.
The unbalanced nature of datasets con rms the need of a thresholding procedure
(described in section 4.2.3).

The dataset is analyzed by varying the CostRatio value in the set of values
f1,2;4;6;8;,10,12 14;16;18,20g. Mr-SBC has been executed with the following
parameters: MAX_LEN_P ATH=4 and MAX_GAIN= 0.1.

Results

For ead trial, seweral measureshave beenrecorded: accuracy, precision and recall,
and the number of omission and commission errors. .

The rst measureis the standard accuracy de ned in machine learning to eval-
uate the performancesof 1-of-r classi ers.

The precision for a category C;, denoted as precision(C;), measuresthe per-
certage of correct assignmems among all the documerts assignedto C;, while the
measurerecal(C;) gives the percertage of correct assignmets in C; among all
the documerts that should be assignedto C;. For the whole category space, say
Ci;:::;CL, the AV G (micro average) of precision and recall are de ned as
follows:

" 1R
AV G precision = =1 (4.17)
(TP(Ci) + FP(Ci)
i=1
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Name No. of | No. of la- | Tot No.
of the | pages beled com- | of compo-
multi-page ponents nents
document
TPAMI1 13
TPAMI13 3

Fold No. TPAMI14 10 476 597
TPAMI16 14
Total 40
TPAMI8 5
TPAMI15 15

Fold No. TPAMIL18 10 519 684
TPAMI24 6
Total 36
TPAMI3 15
TPAMI7 6

Fold No. TPAMI12 6 481 697
TPAMI20 14
Total 41
TPAMI9 5
TPAMI11 6
Fold No. TPAMIL119 | 20 541 774
TPAMI21 11
Total 42
TPAMI4 14
TPAMI6 1
Fold No. 5 | TPAMI10 | 3 419 549
TPAMI17 13
TPAMI23 7
Total 38
Total 21 docs 197 2436 3301

Table 4.4: Dataset description: Distribution of pagesand examples per document grouped by 5

folds.
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Positive Examples
Fold1l | Fold2 | Fold3 | Fold4 | Fold5 | Avg Avg
Pos Neg
Abstract 4 4 4 4 5 4.2 656
A liation 4 5 5 4 4 4.4 655.8
Author 5 4 6 4 6 5 655.2
Biography 9 3 2 4 3 4.2 656
Caption 38 16 49 42 38 36.6 | 623.6
Figure 52 41 76 98 68 67 593.2
Formulae 50 118 61 62 36 65.4 | 594.8
Index Term 3 2 2 1 3 2.2 658
Reference 9 7 8 9 7 8 652.2
Table 9 10 15 6 6 9.2 651
Page Number 33 35 35 41 36 36 624.2
Paragraph 181 207 159 207 158 182.4 | 477.8
Running Head 45 37 41 42 38 40.6 | 619.6
Section Title 18 17 12 10 5 12.4 | 647.8
SubsectionTitle 11 9 1 3 1 5 655.2
Title 5 4 5 4 5 4.6 655.6
Total 476 519 481 541 419

Table 4.5: Dataset description: concepts and distribution of examples

" 1P
AV G recal = o =1 (4.18)
(TP(Ci) + FN(Ci)
i=1

whereTP (C;) is the number of True Positive examplesfor a categoryC;, FP(C;)
is the number of FalsePositive examplesfor a categoryC; and F N (C;) is the number
of False Negative examplesfor a category C; (seeTable 4.6).

category C; Expert Judgmert
YES NO
Classi er Judgmert | YES TP(Ci) FP(Ci)
NO FN(Ci) TN(Ci)

Table 4.6: Contingency Table for C;

Omission errors occur when a layout componert is excluded from a category
when it truly doesbelongto that category while Commission errors occur when
a layout componert is included into a category when it does not belong to that
category.

In table 4.7 the accuracy is reported. The results are obtained by averaging
the accuracy over the 5 folds and then, by averaging the obtained values varying
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CostRatio in the set of valuesf 1;2; 4; 6; 8; 10; 12; 14; 16; 18; 20g. Results shaw that
the accuracy of the decisiontaken strongly dependson the conceptto be learned.
For example Mr-SBC gives better results for the concepts Running Head and
Page Number than Figures and Paragraphs. This can be explained by the
intrinsic simplicity of identifying a component rather than another in a document
pagetaking into accourt its layout properties.

On the other hand, if we comparethis results with the results obtained by the
trivial classi er that returns the most probable class(i.e. Falsefor ead concept),
we note that, in terms of accuracy it is often better to assignthe unde ned class
to ead logical componerts. This is not true in the caseof frequert concepts(e.g.
paragraph ), wherethe trivial classi er would return a lower accuracy (in the case
of paragraph is 0.618250314),but when the conceptis characterized by a very
low number of examples,the situation is di erent and, in sud case,it is important
to assigna higher cost to omissionerrors rather than commissionerrors increasing
CostRatio. This explainsthe choice of the interval f 1; 2; 4; 6; 8; 10; 12, 14; 16; 18; 20g
for the parameter CostRatio.

CostRatio AVG Standard
Dev
Abstract 0.791 0.001
A liation 0.746 0.000
Author 0.734 0.000
Biography 0.737 0.000
Caption 0.742 0.007
Figure 0.721 0.002
Formulae 0.886 0.013
Index Term 0.778 0.000
Reference 0.788 0.004
Table 0.931 0.005
Page Number 0.976 0.002
Paragraph 0.729 0.006
Running Head 0.957 0.002
Section Title 0.729 0.000
SubsectionTitle 0.728 0.000
Title 0.751 0.000

Table 4.7: Average accuracy and Standard Deviation obtained varying CostRatio in the set of
values f 1; 2; 4; 6; 8; 10; 12; 14; 16; 18; 20g

Dierent considerations can be drawn from Table 4.8 and Figures 4.20 and
4.21, where AV G precision and recall are reported. We note that increasingthe
CostRatio, the precisiondecreasesnd the recall increases.This meansthat, aswe
expected, increasingCostRatio, we considermore signi cant omissionerrors rather
than commissionerrors.

A dierent statistic in givenin table 4.9 and gure 4.22for omissionerrors and
table 4.10and gure 4.23for commissionerrors. From sud results we can draw two
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CostRatio | micro AveragePrecision | Micro AverageRecall
1 0.536802324 0.277008624
2 0.513988325 0.293561325
4 0.489784326 0.304663007
6 0.456410213 0.318248714
8 0.447274755 0.322534845
10 0.438241967 0.32457377
12 0.422210621 0.32523431
14 0.415346301 0.326047397
16 0.413492075 0.326898026
18 0.413492075 0.327688796
20 0.407589085 0.328159719
Table 4.8: Micro averaged precision and recall
Micro averaged Precision
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Figure 4.20: Micro averaged precision
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Figure 4.21: Micro averaged recall
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main conclusions. First, if we compare omissionerrors with commissionerrors, we
note that the percertage of commissionerrors is much lower than the percertage of
omissionerrors. This meansthat the learned models are generally speci c. Second,
we note the di erent behavior of the systemdepending on the conceptto belearned.
For example, for someconcepts(e.g. Index term, PageNumber, Title) we have
relatively low omission and commissionerrors (e.g. for Index Term, we have a
27.3% of Omission errors and 22.2% of commissionerrors). For other tasks, suc
as Table, we have complete di erent results (from 89% to 80.0% of commission
errors and from 0.5%to 0.6% of commissionerrors). This di erent behaviour can
be explained by the inherent complexity of somelearning tasks in relation to the
used descriptors.

CostRatio 1 2 4 6 8 10 12 14 16 18 20
Abstract 0.810| 0.810| 0.810| 0.810| 0.810| 0.810| 0.810| 0.810| 0.810| 0.810| 0.810
A liation 0.773| 0.773| 0.773| 0.773| 0.773| 0.773| 0.773| 0.773| 0.773| 0.773| 0.773
Author 0.400| 0.400| 0.400| 0.400| 0.400| 0.400| 0.400| 0.400| 0.400| 0.400| 0.400
Biography 0.571] 0.571| 0.571] 0.571| 0.571| 0.571| 0.571| 0.571] 0.571| 0.571| 0.571
Caption 0.754| 0.754| 0.738| 0.738| 0.738| 0.738| 0.738| 0.738| 0.738| 0.727| 0.727
Figure 0.642| 0.636| 0.621| 0.621| 0.621| 0.618| 0.618| 0.612| 0.612| 0.612| 0.612
Formulae 0.807| 0.709| 0.670| 0.606| 0.584| 0.572| 0.566| 0.566| 0.563| 0.563| 0.563
Index Term | 0.273| 0.273| 0.273| 0.273| 0.273| 0.273| 0.273| 0.273| 0.273| 0.273| 0.273
Reference 0.650| 0.650| 0.625| 0.625| 0.600| 0.600| 0.600| 0.600| 0.575| 0.575| 0.575
Table 0.891| 0.891| 0.891| 0.826| 0.826| 0.826| 0.826| 0.804| 0.804| 0.804| 0.804
Page Num- | 0.333| 0.278| 0.278| 0.272| 0.261| 0.256| 0.256| 0.256| 0.256| 0.256| 0.256
ber

Paragraph 0.899| 0.898| 0.895| 0.893| 0.893| 0.893| 0.893| 0.893| 0.893| 0.893| 0.891
Running 0.601| 0.596| 0.591| 0.557| 0.557| 0.552| 0.552| 0.552| 0.552| 0.552| 0.552
Head

SectionTitle | 0.484| 0.484| 0.484| 0.484| 0.484| 0.484| 0.484| 0.484| 0.484| 0.484| 0.484
Subsection | 0.720| 0.720| 0.720| 0.720| 0.720| 0.720| 0.720| 0.720| 0.720| 0.720| 0.720
Title

Title 0.391| 0.391| 0.391| 0.391| 0.391| 0.391| 0.391| 0.391| 0.391| 0.391| 0.391

Table 4.9: AVG #Omission Errors/ AVG #P ositive Examples

425 Conclusions

In this sectionwe proposeda practical application of the multi-relational statistical
classi er Mr-SBC to the Documert Understanding problem. Documert understand-
ing is de ned as the formal represenation of the abstract relationships indicated
by the two-dimensionalarrangemen of the symbols [Nag0(Q.

We described the system WISDOM++ and its complex processingsteps. In
particular, we focusedour attention on the description of the layout structure of a
documern pagethat is usedasinput to the Documert Understanding step.

The application of Mr-SBC in a bencdhmark dataset of twenty-one multi-page
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#Omission errors/ #Num Pos
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Figure 4.22: AVG #Omission Errors/ AVG #P ositive Examples

CostRatio 1 2 4 6 8 10 12 14 16 18 20

Abstract 0.209| 0.209| 0.209| 0.209| 0.209| 0.209| 0.209| 0.209| 0.211| 0.211| 0.211
A liation 0.251| 0.251| 0.251| 0.251| 0.251| 0.251| 0.251| 0.251| 0.251| 0.251] 0.251
Author 0.265| 0.265| 0.265| 0.265| 0.265| 0.265| 0.265| 0.265| 0.265| 0.265| 0.265
Biography 0.259| 0.259| 0.259| 0.259| 0.259| 0.259| 0.259| 0.259| 0.259| 0.259| 0.259
Caption 0.221| 0.221| 0.228| 0.232| 0.232| 0.233| 0.233| 0.233| 0.233| 0.242| 0.242
Figure 0.229| 0.230| 0.232| 0.233| 0.233| 0.233| 0.233| 0.239| 0.239| 0.239| 0.239

Formulae 0.014| 0.028| 0.040| 0.055| 0.062| 0.068| 0.074| 0.075| 0.081| 0.081| 0.081

Index Term | 0.222] 0.222| 0.222| 0.222| 0.222| 0.222| 0.222| 0.222| 0.222| 0.222| 0.222

Reference 0.199| 0.199| 0.201| 0.201| 0.206| 0.206| 0.206| 0.206| 0.210| 0.210| 0.210

Table 0.051| 0.051| 0.056| 0.059| 0.059| 0.060| 0.060| 0.063| 0.063| 0.066| 0.066

Page Num- | 0.004| 0.005| 0.007| 0.009| 0.011| 0.012| 0.012| 0.013| 0.013| 0.013| 0.013
ber

Paragraph 0.019| 0.020| 0.022| 0.028| 0.031| 0.032| 0.039| 0.039| 0.039| 0.039| 0.045

Running 0.001| 0.004| 0.008| 0.009| 0.009| 0.011| 0.011] 0.011| 0.011| 0.011| 0.011
Head

SectionTitle | 0.266| 0.266| 0.266| 0.266| 0.266| 0.266| 0.266| 0.266| 0.266| 0.266| 0.266

Subsection 0.268| 0.268| 0.268| 0.268| 0.268| 0.268| 0.268| 0.268| 0.268| 0.268| 0.268
Title

Title 0.247| 0.247| 0.247| 0.247| 0.247| 0.247| 0.247| 0.247| 0.247| 0.247| 0.247

Table 4.10: AVG #Commission Errors/ AV G #Negativ e Examples
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Figure 4.23: AVG #Commission Errors/ AVG #Negativ e Examples

articles published in IEEE Transactions on Pattern Analysis and Machine Intelli-
gencein the January and February issuesof 1996, showved that the percenage of
commissionerrorsis very low with respectto the percertage of omissionerrors. This
meansthat the learned models are generally specic. The secondconclusion con-
cernsthe di erent behavior of the systemdepending on the conceptto be learned.
The system shaws relatively good performanceson conceptssuch as Index term ,
Page Number and Title and doesnot shav good results for conceptssuc as
Table. This dierent behaviour can be explained by the inherent complexity of
somelearning tasks in relation to the useddescriptors.

For future dewvelopmerts we intend to enrich the description of the layout struc-
ture by adding other information both on the physical description of the block (e.g.
density of color pixels) and on the textual content of the block. Indeed, the idea of
combining layout and textual information is not novel and in the work by Kovace-
vic and his colleagueslKDGMO04 ] [KDGMO02] this idea has beenapplied in HTML
web-pageclassi cation.

We also intend to compare the performancesof Mr-SBC with an ILP system.
Indeed, early results showed that the ILP system ATRE [Mal03] has good perfor-
mancesif applied to the Documert Understanding problem [VBMO04]. Although the
experimental results reported in [VBMO04] has been obtained on the same dataset
we used,only the rst pageshave beentakeninto accourt and, in addition, the most
complex concept (i.e. paragraph) hasnot beenincluded in the set of conceptsto
be learned.

4.3 Conclusions

In this chapter we proposedthe application of algorithms presenied in Chapter 2
and Chapter 3 in the led of Documert Engineering. Results are reported and
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conclusionsare drawn.



Chapter 5

Classi cation In
Multi-Relational Data Mining:
other applications

In this chapter we shaw the application of the system Mr-SBC (described in sec-
tion 3.3) and the assaiative classi cation system(described in section3.4) in other
application domains. In particular, we proposethe application of Mr-SBC in pre-
dicting the classof biological structured data and the application of the assiative
classi cation systemin predicting the classof geo-referencectensusdata.

5.1 Naiv e Bayes Structural Classi cation: Predict-
ing the class of complex data

In this section we show the application of Mr-SBC to two well-known bencimark
datasets, namely the Mutagenesisdataset and the Biodegradability dataset.

5.1.1 Exp eriments on Mutagenesis

Thesedatasets, taken from the MLNET repository !, concernthe problem of iden-
tifying the mutagenic compounds [MBHMMS89 ] and have been extensively usedto
test both inductiv e logic programming (ILP) systemsand (multi-)relational mining
systems. We considered,analogouslyto related experimernts in the literature, the
regressionfriendly dataset of 188 elemeris.

A recert study on this database[SKM99] recognizes Vv e levels of badkground
knowledge for mutagenesiswhich can provide richer descriptions of the examples.
In this study we usedonly the rst three levels of background knowledgein order
to comparethe performanceof Mr-SBC with other methods for which experimental
results are available in the literature. Table 5.1 shows the rst three setsof badk-
ground knowledge usedin our experiments, where BK; BKi+x fori=0;:::;2.

Lhttp://mww.minet.org/cgi-bin/minetois.pl/?File=datasets.h tml&OrderBy=15+DESC
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Figure 5.1: The Mutagenesis database schema

The greater the BK , the more complex the learning problem.

Background ‘ Description

BKy Consistsof those data obtained with the molecular modelling package
QUANTA. For eadh compound it obtains the atoms, bonds, bond
types, atom types, and partial chargeson atoms.

BK1 Consistsof De nitions in Bg plusindicators ind1, and inda in molecule
table.
BK, Variables (attributes) logp, and lumo are addedto de nitions in BK1.

Table 5.1: Background knowledge for Mutagenesis dataset.

The datasetis analyzedby meansof a 10-fold cross-walidation, that is, the target
table is rst divided into ten blocks of near-equalsizeand distribution of classvalues,
and then, for every block, a subsetof tuples related to the tuples in the target table
block are extracted. In this way, ten databasesare created. Mr-SBC s trained on
nine databasesand tested on the hold-out database. Mr-SBC has been executed
with the following parameters: MAX_LEN_P ATH=4 and MAX_GAIN= 0.5. The
schema of a single databaseis shovn in gure 5.1.

Experimental results on predictive accuracy are reported in Table 5.2 for in-
creasingcomplexity of the models. A comparisonto other results reported in the
literature is also made. Mr-SBC hasthe best performance (together with 1BC and
1BC2) for the most complex task (BK ;) with an accuracy of almost 90%, while it
performanceis comparablewith other systemsfor the simplesttask. Interestingly,
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the predictive accuracyincreaseswith the complexity of the badkground knowledge,
which meansthat the variablesaddedin BK ; and BK ; are meaningfuland Mr-SBC
takesadvantages of that.

System Accuracy(%)

BKg BK; BK;
Progol_1 79 86 86
Progol_2 76 81 86
Foil 61 61 83
Tilde 75 79 85
MRDTL 67 87 88
1BC2 82.4 83 89.9
1BC 79.3 85.1 89.9
Mr-SBC 77.8 83.7 89.9

Table 5.2: Accuracy comparison on the set of 188 regression friendly elements of Mutagenesis.
Results for Progol2, Foil, Tilde are taken from [Blo98]. Results for Progol_1 are taken from
[SKM99]. The results for 1BC and 1BC2 are taken from [FLO4]. Results for MRDTL are taken
from [Lei02]. The values are the results of 10-fold cross-validation.

As regards execution time (seeTable 5.3). The time required by Mr-SBC in-
creaseswith the complexity of the badkground knowledge. Mr-SBC is generally
considerably faster than competing systems, such as Progol, Foil and Tilde, that
do not operate on data stored in a database. Moreover, except for the task BK g,
Mr-SBC performs better that MRDTL which works on a database. In general,the
trade-o betweenaccuracyand complexity is in favour of Mr-SBC.

The averagenumber of extracted rules for ead fold is quite high (55.9 for BK g,
59.9for BK 1, and 64.8for BK ;). Somerules are either redundart or cover very few
individuals. Therefore, someadditional stopping criteria are required to avoid the
generation of theserules and to reducefurther the costcomplexity of the algorithm.

System Time(Secs)

BKy BK, BK;
Progol_1 8695 4627 4974
Progol_2 117000 64000 42000
Foil 4950 9138 0.5
Tilde 41 170 142
MRDTL 0.85 170 142
1BC2
1BC
MR-SBC 36 42 48

Table 5.3: Time comparison of the set of 188 regression friendly elements of Mutagenesis. Results
for Progol2, Foil, Tilde are taken from [Blo98]. Results for Progol_1 are taken from [SKM99].
Results for MRDTL are taken from [Lei02]. The results of MR-SBC are taken on a P11 WIN2k
platform.
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Figure 5.2: The Biodegradabilit y database schema

5.1.2 Exp eriments on Bio degradabilit y

The Biodegradability dataset has already beenusedin the literature for both re-
gressionand classi cation tasks [DBK * 99]. It consistsof 328 structural chemical
moleculesdescribed in terms of atom and bond. The target variable for machine
learning systemsis the natural logarithm of the arithmetic mean of the low and
high estimate of the HTL (Half-Life Time) for acqueousbiodegradation in aerobic
conditions, measuredin hours. We use a discretized versionin order to apply clas-
si cation systemsto the problem. As in [DBK * 99|, four classeshave beende ned:
chemicalsdegradefast, moderately, slowly or are resistart.

The dataset is analyzed by meansof a 10-fold cross-walidation. For ead data-
baseMr-SBC and Tilde are trained on nine databasesand tested on the hold-out
database. The databasesdemais shown in Figure 5.2. Mr-SBC hasbeenexecuted
with the following parameters: MAX_LEN_P ATH=4 and MAX_GAIN= 0.5. Ex-
perimental results on predictive accuracy are reported in Table 5.4. They are in
favour of Mr-SBC on the averageof accuracyvarying the fold.

5.1.3 Conclusions

In this section, the multi-relational data mining system Mr-SBC has been empir-
ically evaluated on biological datasets. In particular, Mr-SBC has beentested on
four bendhmark tasks. Results on predictive accuracy are in favour of our system
for the most complex tasks. Mr-SBC also proved to be e cien t and this is mainly
due to the tight integration with a relational DBMS.
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Fold Mr-SBC Tilde Pruned
0 0.90909 0.69697
1 0.87878 0.81818
2 0.84848 0.90909
3 0.87878 0.87879
4 0.78788 0.69697
5 0.84848 0.90909
6 0.90625 0.90625
7 0.87879 0.81818
8 0.87500 0.93750
9 0.93939 0.72727
Average 0.87509 0.82983

Table 5.4: Accuracy comparison on the set of 328 chemical molecules of Bio degradabilit y. Results
for Mr-SBC and Tilde are reported.

As future work, we plan to extend the comparison of Mr-SBC to other multi-
relational data mining systemson a larger set of benchmark datasets. Moreover,
we intend to frame the proposedmethod in a transduction inferencesetting, where
both labelled and unlabelled data are available for training. Although this setting
is well-studied for Support Vector Machines[GAV98], it hasbeenrecertly extended
to other learning models [KKO2] and, in particular, to the Bayesian Framework
[GHO99].

5.2 Naiv e Bayes associativ e Classi cation: A Spa-
tial Data Mining Application

In this sectionwe evaluate the naive Bayesianassaiative Classi cation framework
proposedand described in section 3.4.

In oder to evaluate the proposedmethod, the integration of multi-lev el spatial
assciation rules discovery with naive Bayesianclassi cation hasbeenimplemented.
In particular, it hasbeenrealizedin a spatial assaiativ e classi cation systembased
on a client-server model (seeFigure 5.3).

Both the spatial assaiation rule miner SPADA and the multi-relational naive
Bayesclassi er are on the sener side, sothat seweral data mining tasks can be run
concurrertly by multiple users. For ead granularity level, extracted rules concur
in building the spatial classi cation model by exploiting a multi-relational naive
Bayesianclassi er integrated with the SDB.

On the client side, the framework includes a Graphical User Interface (GUI),
which provides users with facilities for cortrolling all parameters of the mining
process.

SPADA, like many other assaiation rule mining algorithms, cannot process
numerical data properly, soit is necessaryto perform a discretization of numerical
featureswith arelatively large domain. For this purpose,the framework includesin
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Figure 5.3: Spatial asscciativ e classi cation system

the client side the module RUDE (relativ e unsupervised discretization algorithm)
which discretizesa numerical attribute of arelational databasein the cortext de ned
by other attributes [LWO0Q].

The SDB (Oracle Spatial) can run on a third computation unit. Many spatial
features(relations and attributes) canbe extracted from spatial objects storedin the
SDB. Feature extraction requires complex data transformation processedo make
spatial relations explicit and represettable as ground Prolog atoms. Therefore, a
middle layer module, named FEATEX (Feature Extractor), is required to make
possiblea loose coupling between SPADA and the SDB by generating features of
spatial objects (points, lines, or regions). The module is implemented as an Oracle
padage of proceduresand functions, ead of which computes a di erent feature
[ACL™* 03]. Transformed data are also stored in SDB tables.

5.2.1 The Application: Mining North West England Census
Data

In this section we presen a real-world application concerningthe mining of both
spatial assaiation rules and classi cation models for geo-referencedcensusdata
interpretation. We consider both censusand digital map data provided in the
context of the European project SPIN! (Spatial Mining for Data of Public Interest)
[May00Q]. They concernGreater Manchester, one of the v e courties of North West
England (NWE). Greater Manchesteris divided into ten metropolitan districts, ead
of which is decompsedinto censualsectionsor wards, for a total of two hundreds
and fourteen wards. Spatial analysis is enabled by the availability of vectorized
boundaries of the 1998 censuswards as well as by other Ordnance Survey digital
maps of NWE, where seeral interesting layers are found, namely road net, rail net,
water net, urban areaand greenarea (seeTable 5.5).

Censusdata are available at ward level. They provide socio-economicstatistics
(e.g. mortality rate, that is, the percertage of deaths with respect to the number
of inhabitants) as well as somemeasuresdescribing the deprivation level. Indeed,
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Layer name Geometry Objects
A-road Line 3882
Road net B-road Line 4368
Motorway Line 494
Primary road Line 3945
Rail net Railway Line 4231
Large urban area Line 384
Urban area _
Small urban area Line 2235
Wood Line 859
Greenarea -
Park Line 11
Water Line 438
Water net River Line 12103
Canal Line 968
Greater Manchester Ward Ward Region 214

Table 5.5: Geographic layers

the material deprivation of an areamay be estimated accordingto information pro-
vided by Censuscombined into singleindex scores|[AA00]. Over the yearsdi erent
indices have beendewveloped for di erent applications: the Jarman Underprivileged
Area Scorewas designedto measurethe needfor primary care, the indices devel-
oped by Townsend and Carstairs have beenusedin health-related analyses,while
the Department of the Environment's Index (DoE) has beenusedin targeting ur-
ban regeneration funds. Thereby, we have consideredthe values of Jarman index,
Townsend index, Carstairs index and DoE index. The higher the index value the
more deprived a ward is. Both index values as well as mortality rate are all nu-
meric and have beendiscretized by meansof RUDE. More precisely Jarman index,
Townsendindex, DoE index and Mortalit y rate have beenautomatically discretized
in (low, high), while Carstairs index has beendiscretizedin (low, medium, high).

For this application, we have considered Greater Manchester wards as refer-
ence(target) objects. In particular, three di erent experimental settings have been
analysed by varying the target property among mortality rate, Jarman index and
DoE index. We have chosenJarman and DoE indices becausethey are de ned on
the basis of di erent sccial factors. For ead setting, we have focusedour atten-
tion on investigating dependenciesbetweenthe target property and socio-economic
factors represerted in censusdata as well as geographical factors represened in
linked topographic maps. These dependenciesare detected in form of spatial asso-
ciation rules having only the target property in the head. Rulesin this form may
be employed for spatial subgroup mining, that is, discovery of interesting groups of
spatial objects with respect to a certain property of interest [KM02] as well as for
classi cation purpose.

For this analysis,we have formulated queriesinvolving the FEATEX relate func-
tion to compute topological relationships between referenceobjects and task rele-
vant objects. For instance,arelationship extracted by FEATEX is crosses(wad_135,
urbareal_151), whereward_# denotesa speci c Greater Manchester ward, while
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Figure 5.4: DB schema in North West England Census Data

urbanareal# refersto alarge urban areacrossingthe interestedward. The topolog-
ical relationship crossesis computed according to the 9-intersection model [EF91].
The number of computed relationships is 784,107. Extracted relationships are au-
tomatically stored in the Database as relational tables. The database schema is
reported in Figure 5.4

To support a spatial qualitativ e reasoning, a domain speci ¢ knowledge (BK)
has beenexpressedn form of a set of rules. Someof theserules are:

cross@_by urbanarea(X,Y) :- connects(X,Y), is_a(Y, urban_area). ...
crossel_by urbanarea(X,Y) :- inside(X,Y), is_a(Y, urban_area).

Here the use of the predicate is_a hides the fact that a hierarchy has been
de ned for spatial objects which belong to the urban area layer. In detail, ve
di erent hierarchies have beende ned to describe the following layers:

road net
rail net
water net
urban area

greenarea
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Figure 5.5: Road Network hierarchy

Figure 5.6: Water Network hierarchy

The hierarchies are shavn in Figures 5.5, 5.6, 5.7, 5.8 and 5.9, they have depth
three and are straightforwardly mapped into three granularity levels. They are also
part of the BK.

Finally, we have speci ed alanguagebias (LB) both to constrain the seart space
and to lter out uninteresting spatial assaiation rules. In particular, we have ruled
out all spatial relations (e.g. crossesjnside, and soon) directly extracted by FEA-
TEX and asked for rules cortaining topological predicatesde ned by meansof BK.
Moreover, by combining the rule Iters head_constraint([mortality r ate( ),1,1)
and rule_head length(1,1) we have asked for rules cortaining only mortality rate
in the head. Similar considerationsapply to the classi cation tasks concerningthe
Jarman and the DoE indices. In addition, we have speci ed the maximum number
K of re nement steps(i.e. number of literals in the body of rules).

For eac setting, a ten-fold crossvalidation has beenperformed and results are
evaluated. For instance, by analyzing spatial assaiation rules extracted with para-
meters minsup = 0.1, minconf = 0.6 we discover the following rule:

mortality r ate(A, high) is_a(A, ward), crossel_by urbanarea(A, B),

Figure 5.7: Rail Network hierarchy
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Figure 5.8: Urban Area hierarchy

Figure 5.9: Green Area hierarchy

is_a(B , urban_area), townsendidx_rate(A, high) (40.72%,72.47%)

which states that a high mortality rate is obsened in a ward A that includes an
urban areaB and has a high value of Townsendindex. The support (40.72%) and
the high con dence (72.47%)con rm a meaningful assaiation betweena geograph-
ical factor, such asliving in deprived urban areas,and a scocial factor, such asthe
mortalit y rate. It is noteworthy that SPADA generatesthe following rule:

mortality_r ate(A, high) is_a(A,war d), crossel_by_urb anarea(A,B),
is_a(B, urban_area) (56.7%, 60.77%)

which has a greater support and a lower con dence. Thesetwo assaiation rules
show together an unexpectedassaiation betweenTownsendindex and urban areas.
Apparently, this meansthat this deprivation index is unsuitable for rural areas.

At a granularity level 2, SPADA specializesthe task relevant object B by gen-
erating the following rule which presenesboth support and con dence:

mortality r ate(A, high) is_a(A, ward), cross&_by urb anarea(A, B), is_a(B,
urban_areal), townsendidx_rate(A,high) (40.72%,72.47%)

this rule clari es that the urban areaB is large.

The averagepredictive accuracyof mined multi-lev el spatial classi cation model
is evaluated by varying minsup, minconf and K for eadh setting,. Results are
reported in Tables5.6,5.7and 5.8. In the rst setting, results show that, predictive
accuracy of the Bayesian classi er is slightly better than the accuracy (0.567) of
the trivial classier that returns the most probable class. We explain this result
with the inherent complexity of the task. Dierent conclusionscan be drawn from
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both Jarman and DoE results, where the Bayesian classi ers signi cantly improve
the trivial classi ers (acc. 0.542and 0.625, respectively). Another considerationis
that the averagepredictive accuraciesof classi cation models discovered at higher
granularity levels (i.e. level=2) are always better or equal to the corresponding
accuraciesat lowestlevels. This meansthat the classi cation model takesadvantage
of the use of the hierarchies de ned on spatial objects. Furthermore, results shon
that by decreasingthe number of extracted rules (higher support and con dence) we
have lower accuracy This meansthat there are se\eral rules that strongly in uence
classi cation results and often such rules are not characterized by high values of
support and con dence. Finally, we obsene that, generally, the higher the number
of re nement steps,the better the model.

MORTALITY Avg. Accuracy K=4 |K=5|K= K =

Level=1 | 0.5932 | 0.5915 | 0.5932 | 0.628
Level=2 | 0.5932 | 0.596 | 0.5932 | 0.628
Level=1 | 0.5932 | 0.602 | 0.5932 | 0.623
Level=2 | 0.5932 | 0.602 | 0.5932 | 0.623

minsup=0.1 minconf=0.6

minsup=0.2 minconf=0.65

Table 5.6: Mortalit y Rate average accuracy

JARMAN Avg. Accuracy K=4 | K=5|K-= K =

Level=1 | 0.8176 | 0.8176 | 0.8176 | 0.8176
Level=2 | 0.8176 | 0.8176 | 0.8176 | 0.8176
Level=1 | 0.528 | 0.528 | 0.528 | 0.528
Level=2 | 0.528 | 0.528 | 0.6272 | 0.6705

minsup=0.1 minconf=0.6

minsup=0.2 minconf=0.8

Table 5.7: Jarman average accuracy

DoE Avg. Accuracy K=4 |K=5|K= K =

Level=1 | 0.912 | 0.912 | 0.912 | 0.912
Level=2 | 0.912 | 0.912 | 0.912 | 0.912
Level=1 | 0.875 | 0.875 | 0.875 | 0.821
Level=2 | 0.875 | 0.9028 | 0.883 | 0.874

minsup=0.1, minconf=0.6

minsup=0.2, minconf=0.8

Table 5.8: DoE average accuracy

5.2.2 Conclusions

In this sectionwe empirically evaluated the Naive Bayesianassaiative classi cation
framework. The application concernsthe mining of both spatial assaiation rules
and classi cation modelsfor geo-referencedensusdata. We consideredboth census
and digital map data provided in the cortext of the Europeanproject SPIN! (Spatial
Mining for Data of Public Interest) [May00]. They concernGreater Manchester,one
of the v e courties of North West England (NWE). Greater Manchester is divided
into ten metropolitan districts, ead of which is decomposedinto censualsectionsor



5.2 Naive Bayes associative Classifica tion: A Spatial Data Mining
152 Applica tion

wards, for a total of two hundreds and fourteen wards. Spatial analysisis enabled
by the availability of vectorized boundaries of the 1998 censuswards as well as by
other Ordnance Survey digital maps of NWE, where seeral interesting layers are
found, namely road net, rail net, water net, urban areaand greenarea.

Experiments show that the use of dierent levels of granularity generally in-
creasesthe accuracy of the mined classi cation model. As future work, we intend
to frame the work within the cortext of hierarchical Bayesianclassi ers, in order to
exploit the multi-lev el nature of extracted assaiation rules.



Chapter 6

Conclusions

In this nal chapter, we summarize the contributions of this thesis and discussa
number of promising areasfor future work.

6.1 Summary

In this thesis we face the problem of mining Naive Bayes statistical classiers in
presenceof structured data taking into accourt dierent aspects related to both
theoretical and applicative problems.

Among di erent typesof structure in the data, weinvestigatetwo cases.The rst
caseconcernsthe presenceof a taxonomical relation on the categoriesof the units
of analysis (categorization structure) and the secondcaseconcernsthe presenceof
relationships betweenobjects composing the units of analysis (unit structure). The
former is investigated in the context of propositional learning, while to represen
the unit structure, we resort to the multi-relational data mining setting.

In order to investigate the classi cation in presenceof taxonomical relation on
the categoriesof the units of analysis, we proposeda method, that hasbeenimple-
mented in the systemWebClassl |, that is ableto classifyexamplesin a hierarchy of
categories. The hierarchical arrangemen is essetial whenthe number of categories
is quite high and the useof a non-hierarchical classi er (at classi er) would lead to
a fragmertation of the class,producing many classeswith few instancesper class.
Furthermore, the hierarchical classi cation arrangesexampleshierarchically, thus
supporting a thematic seard by browsing topics of interests.

The advantage of this hierarchical view in the classi cation processis that the
problem is partitioned into smaller subproblems, eat of which can be e ectiv ely
and e cien tly managed. Another advantage is given by the obsenation that at
di erent levels of the hierarchy the sameexample can be represered in a di erent
way. In particular, it is possibleto use dierent abstractions of the same object
varying the level of the hierarchy (e.g. it is possibleto emphasizesome features
rather than others at di erent levels of the hierarchy). WebClassl| includes a tree
distance-basedthresholding algorithm for the classi cation of examplesin internal
categoriesof the hierarchy. It can be applied to any classi er, such as naive Bayes,
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that returns a degreeof membership (e.g. probabilistic or distance based) of an
example to a category In our experiments, we applied our algorithm to naive
Bayesian classi er and compared obtained results with a certroid-based classi er
and with SVMs. We ewaluated the performancesof the system on three di erent
text categorization datasetsand we found that, although the at SVM is the most
accurateclassi er, hierarchical naive Bayesianclassi er takesgreat advantage of the
use of the hierarchy and seemto be a valid alternative to SVM.

As regardsthe classi cation in presenceof relationships between objects com-
posing the units of analysis, we proposedtwo di erent solutions. In both caseswe
extend the naive Bayes classi cation to the multi-relational data mining setting.
The rst solution is basedon the useof a setof rst-order classi cation rulesin the
context of naive Bayesian classi cation and has beenimplemented in the system
Mr-SBC. The secondsolution is inspired by recen studies on the usageof assia-
tion rules for classi cation purposes(Associative Classi cation). In particular, we
have preseried a spatial assaiative classi er that combines spatial assaiation rule
discovery with naive Bayesianclassi cation. Domain speci ¢ knowledgemay be de-
ned asa set of rules that makespossiblethe qualitativ e reasoning. In addition, it
is possibleto de ne hierarchies on the domain of units of obsenations. Objects are
expressedby a collection of ground atoms and are exploited to mine classi cation
models at di erent granularity levels.

Applications mainly concernthe eld of Documernt Engineering. Documert
Engineering is the computer sciencediscipline that investigates systemsfor doc-
umernts in any form and in all media. It is concernedwith principles, tools and
processeghat improve our ability to create, manage,and maintain documerts. As
for the hierarchical classi cation we evaluated WebClassl| in a particular eld of
Documernt Engineering, namely in the context of text categorization. As for the
multi-relational classi cation, we evaluated a opportunely modi ed version of Mr-
SBC in the cortext of Documert Understanding that is, the Documert Engineering
eld that is concernedwith semariic analysis of (paper) documerts to extract hu-
man understandableinformation and codify it into macdhine-readableform. Results
showed that, although the problem is intrinsically complex, the system presens
good performancesfor most of conceptsto be learned.

Other applications concern other domains where the concept of structure is
particularly relevant, namely data mining from biological data and spatial data min-
ing. In particular, in the last eld, we evaluated the spatial assaiativ e classi cation
framework. In this way we take into account two typesof structure namely, the
intrinsic relational structure of spatial data implicitly de ned by the spatial location
of objects with respect to others and the taxonomical nature in the domain of units
of obsenations in spatial domain.

6.2 Future Work

We considertwo possibledirections for future work: methodological and applicative.
For the methodological direction, we plan to extend the approac implemented
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in WebClassl| by consideringthe integration of both the multi-dimensional [TLO2]
and the hierarchical frameworks, in order to support WebClassl| userswith OLAP-
like roll-up, drill-down and pivoting operations in an information retrieval cortext.
Furthermore, we intend to investigate the possibility of restructuring the original
category hierarchy on the basisof sometraining examples[VG02] [SVAPO4]. It can
be realized by meansof a greedy procedure that adds or removes categoriesuntil
no further improvemerts can be made. Hierarchy restructuring can substartially
improve the accuracy of the hierarchical approad.

Concerning the approac implemerted in Mr-SBC, we plan to frame the pro-
posed method in a transductive setting, where both labelled and unlabelled data
are available for training [GAV98] [KK02] [GHO99]. Dierently from an inductive
approac wherethe learner tries to induce a model which haslow error rate on the
whole distribution of examplesfor the particular learning task, in the trasductive
approach we do not care about the particular decision model, but rather that we
classify a given set of examples(i.e. the test set) with as few errors as possible.
The trusductiv e approad is particularly usefulwhen there is a little training data,
but a very large test set [Joa994. This is particularly relevant in the caseof Doc-
ument Engineering and, in particular, in both document understanding and text
categorization where the user has often to manually label thousands of examples.

As regards the applicative direction, we intend to strengthen our results for
the eld of documert image understanding by enriching the logical description of
the page layout with information on both the color and the textual content. The
information on the color would be usefulin order to e ectiv ely reducethe presence
and the e ect of noise. Concerningthe useof textual information, indeedthis ideais
not new and has already beenproposedby Kovacevicet al. [KDGM02] for HTML
web-pageclassi cation. The application to documert images, however, preseris
someadditional issuessuch asthe identi cation of the correct reading order of the
text [AMTWO2 ].

6.3 Conclusion

This thesis has described our attempt to marring two fundamertal concepts: on
one side there is the conceptof structured data and on the other side there is the
concept of statistical approacesfor learning classi cation models.

Our hope is twofold. First we hope that the proposedmethods will be a valid
alternative to existing methods in terms of the trade-o between accuracy and
complexity and secondthat the proposed approaces will be useful to particular
applicative researt areas,especially in the eld of Document Engineering.
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