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Preface

These are the conference proceedings of the 4th International Conference on
Discovery Science (DS 2001). Although discovery is naturally ubiquitous in sci-
ence, and scientific discovery itself has been subject to scientific investigation for
centuries, the term Discovery Science is comparably new. It came up in connec-
tion with the Japanese Discovery Science project (cf. Arikawa’s invited lecture
on The Discovery Science Project in Japan in the present volume) some time
during the last few years.

Setsuo Arikawa is the father in spirit of the Discovery Science conference
series. He led the above mentioned project, and he is currently serving as the
chairman of the international steering committee for the Discovery Science con-
ference series. The other members of this board are currently (in alphabetical
order) Klaus P. Jantke, Masahiko Sato, Ayumi Shinohara, Carl H. Smith, and
Thomas Zeugmann.

Colleagues and friends from all over the world took the opportunity of meet-
ing for this conference to celebrate Arikawa’s 60th birthday and to pay tribute
to his manifold contributions to science, in general, and to Learning Theory and
Discovery Science, in particular.

Algorithmic Learning Theory (ALT, for short) is another conference series
initiated by Setsuo Arikawa in Japan in 1990. In 1994, it amalgamated with the
conference series on Analogical and Inductive Inference (AII), when ALT was
held outside of Japan for the first time.

This year, ALT 2001 and DS 2001 were co-located in Washington D.C., held
in parallel and sharing five invited talks and all social events. The proceedings
of ALT 2001 are published as a twin volume of the present one as LNAIT 2225.

The present volume is organized in three parts. The first part contains the
five invited lectures of ALT 2001 and DS 2001 exactly in the order in which they
appeared in the conferences’ common advance program. The invited speakers are
Setsuo Arikawa, Lindley Darden, Dana Angluin, Ben Shneiderman, and Paul R.
Cohen. Because their talks were invited to both conferences, there had to be
found a modus vivendi for publication. This volume contains the full versions
of Lindley Darden’s and Ben Shneiderman’s paper as well as abstracts of the
others.

The second part contains the accepted 30 regular papers of the DS 2001
conference. Last but not least, there is a third part with written versions of
the posters accepted for presentation during the conference. In a sense, DS 2001
posters are posters of ALT 2001 as well, because both events shared a conference
venue including the exhibition area for the posters.

The combination of ALT 2001 and DS 2001 allowed for an especially com-
prehensive treatment of the issues ranging from rather theoretical investigations
to applications and to both psychological and sociological topics. The organizers
consider this an attractive approach to both communities.

Over the past dozen or so years, many enterprises have begun to routinely
capture paramount volumes of data describing their operations, products, ser-
vices, and customers. Simultaneously, scientists and engineers have been record-
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ing experimental data of a continuously growing size covering experience in many
fields. The finer the measurement granularity of the engineers’ equipment and
the more computer power available to support scientific experiments, the larger
the amounts of data captured. These huge collections of bits and bytes constitute
a new challenge to those who try to separate the wheat from the chaff.

Potentially, there is more fruitful knowledge hiding in huge amounts of data,
but combinatorially, there is even more rubbish. It requires a new dimension of
technological investment to extract useful information, and humans must attack
these problems differently. Discovery Science deals with all aspects of promoting
scientific discovery, and it is changing its character within a changing world.

New questions are being asked and leading to innovative concepts. Concep-
tualizations are setting the stage for asking new questions. Under these cir-
cumstances, new ways of looking at the problems might arise. More traditional
disciplines are invoked and innovative ideas are made precise to get computers
involved in knowledge discovery. Autonomously working machinery is necessary
to deal with the flood of data, thus learning becomes a core technology of discov-
ery science. When all said and done, humans and machines must learn together
and support each other.

The field of Discovery Science is evolving and frequently changing its appear-
ance. The Discovery Science conference series aims at reflecting this development,
summarizing the state of affair and helping humans to navigate in such an ex-
citing environment.

September 2001 Klaus P. Jantke
Ayumi Shinohara
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The Discovery Science Project in Japan

Setsuo Arikawa

Department of Informatics, Kyushu University
Fukuoka 812-8581, Japan

arikawa@i.kyushu-u.ac. jp

Abstract. The Discovery Science project in Japan in which more than sixty
scientists participated was a three-year project sponsored by Grant-in-Aid for
Scientific Research on Priority Area from the Ministry of Education, Culture,
Sports, Science and Technology (MEXT) of Japan. This project mainly aimed
to (1) develop new methods for knowledge discovery, (2) install network envi-
ronments for knowledge discovery, and (3) establish Discovery Science as a new
area of Computer Science / Artificial Intelligence Study.

In order to attain these aims we set up five groups for studying the following
research areas:

(A) Logic for/of Knowledge Discovery

(B) Knowledge Discovery by Inference/Reasoning

(C) Knowledge Discovery Based on Computational Learning Theory
(D) Knowledge Discovery in Huge Database and Data Mining

(E)

E) Knowledge Discovery in Network Environments

These research areas and related topics can be regarded as a preliminary def-
inition of Discovery Science by enumeration. Thus Discovery Science ranges over
philosophy, logic, reasoning, computational learning and system developments.

In addition to these five research groups we organized a steering group for
planning, adjustment and evaluation of the project. The steering group, chaired
by the principal investigator of the project, consists of leaders of the five research
groups and their subgroups as well as advisors from the outside of the project.
We invited three scientists to consider the Discovery Science overlooking the
above five research areas from viewpoints of knowledge science, natural language
processing, and image processing, respectively.

The group A studied discovery from a very broad perspective, taking into
account of historical and social aspects of discovery, and computational and log-
ical aspects of discovery. The group B focused on the role of inference/reasoning
in knowledge discovery, and obtained many results on both theory and practice
on statistical abduction, inductive logic programming and inductive inference.
The group C aimed to propose and develop computational models and method-
ologies for knowledge discovery mainly based on computational learning theory.
This group obtained some deep theoretical results on boosting of learning al-
gorithms and the minimax strategy for Gaussian density estimation, and also
methodologies specialized to concrete problems such as algorithm for finding
best subsequence patterns, biological sequence compression algorithm, text cat-
egorization, and MDL-based compression. The group D aimed to create compu-
tational strategy for speeding up the discovery process in total. For this purpose,

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAT 2226, pp. 1-2] 2001.
© Springer-Verlag Berlin Heidelberg 2001



2 S. Arikawa

the group D was organized with researchers working in scientific domains and
researchers from computer science so that real issues in the discovery process
can be exposed out and practical computational techniques can be devised and
tested for solving these real issues. This group handled many kinds of data: data
from national projects such as genomic data and satellite observations, data gen-
erated from laboratory experiments, data collected from personal interests such
as literature and medical records, data collected in business and marketing ar-
eas, and data for proving the efficiency of algorithms such as UCI repository. So
many theoretical and practical results were obtained on such a variety of data.
The group E aimed to develop a unified media system for knowledge discovery
and network agents for knowledge discovery. This group obtained practical re-
sults on a new virtual materialization of DB records and scientific computations
that help scientists to make a scientific discovery, a convenient visualization in-
terface that treats web data, and an efficient algorithm that extracts important
information from semi-structured data in the web space.

This lecture describes an outline of our project and the main results as well
as how the project was prepared. We have published and are publishing special
issues on our project from several journals [5],[6],[7],[8],[9],[10]. As an activity
of the project we organized and sponsored Discovery Science Conference for
three years where many papers were presented by our members [2],[3],[4]. We
also published annual progress reports [1], which were distributed at the DS
conferences. We are publishing the final technical report as an LNAI[11].
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Discovering Mechanisms: A Computational
Philosophy of Science Perspective

Lindley Darden

Department of Philosophy
University of Maryland
College Park, MD 20742
darden@carnap.umd.edu
http://www.inform.umd.edu/PHIL/faculty/LDarden/

Abstract. A task in the philosophy of discovery is to find reasoning
strategies for discovery, which fall into three categories: strategies for
generation, evaluation and revision. Because mechanisms are often what
is discovered in biology, a new characterization of mechanism aids in
their discovery. A computational system for discovering mechanisms is
sketched, consisting of a simulator, a library of mechanism schemas and
components, and a discoverer for generating, evaluating and revising pro-
posed mechanism schemas. Revisions go through stages from how possi-
bly to how plausibly to how actually.

1 Introduction

Philosophers of discovery look for reasoning strategies that can guide discovery.
This work is in the framework of Herbert Simon’s (1997) view of discovery as
problem solving. Given a problem to be solved, such as explaining a phenomenon,
one goal is to find a mechanism that produces that phenomenon. For example,
given the phenomenon of the production of a protein, the goal is to find the
mechanism of protein synthesis. The task of the philosopher of discovery is to
find reasoning strategies to guide such discoveries. Strategies are heuristics for
problem solving; that is, they provide guidance but do not guarantee success.

Discovery is not viewed as something that occurs in a single a-ha moment of
insight. Instead, discovery is construed as a process that occurs over an extended
period of time, going through cycles of generation, evaluation, and revision (Dar-
den 1991).

The history of science is a source of “compiled hindsight” (Darden 1987)
about reasoning strategies for discovering mechanisms. This paper will use ex-
amples from the history of biology to illustrate general reasoning strategies for
discovering mechanisms. Section 2 puts this work into the broader context of
a matrix of biological knowledge. Section 3 discusses a new characterization of
mechanism, based on an ontology of entities, properties, and activities. Section
4 outlines components of a mechanism discovery system, including a simulator,
a library of mechanism designs and components, and a discoverer.

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAT 2226, pp. 3-[I5l 2001.
© Springer-Verlag Berlin Heidelberg 2001



4 L. Darden
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Fig. 1. Matrix of Biological Knowledge

2 Biomatrix

This work is situated in a larger framework. In the 1980s, Harold Morowitz
(1985) chaired a National Academy of Sciences workshop on models in biology.
As a result of that workshop, a society was formed with the name, “Biomatrix:
A Society for Biological Computation and Informatics” (Morowitz and Smith
1987). This society was ahead of its time; it has splintered into different groups
and its grand vision has yet to be realized. Nonetheless, its vision is worth revisit-
ing in order to put the work to be discussed in this paper into a broader context.
As Figure 1 shows, the biomatrix vision included relations among three areas:
first, databases; second, information storage and retrieval by literature cataloging
(e.g., Medline); and, third, artificial intelligence and knowledge bases. Discovery
science has worked in all three areas since the 1980s. Knowledge discovery in
databases is a booming area (e.g., Piatetsky-Shapiro and Frawley, eds., 1991).
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Discovery using abstracts available from literature catalogues has been developed
by Don Swanson (1990) and others. The area of discovery using knowledge based
systems is an active area, especially in computational biology. The meetings on
Intelligent Systems in Molecular Biology and the International Society for Com-
putational Biology arose from that part of the biomatrix. It is in the knowledge
based systems box that my work today will fall. Relations to databases and in-
formation retrieval as related to mechanism discovery will perhaps occur to the
reader.

3 Mechanisms, Schemas, and Sketches

Often in biology, what is to be discovered is a mechanism. Physicists often aim
to discover general laws, such as Newton’s laws of motion. However, few biolog-
ical phenomena are best characterized by universal, mathematical laws (Beatty
1995). The field of molecular biology, for example, studies mechanisms, such as
the mechanisms of DNA replication, protein synthesis, and gene regulation. The
lively area of functional genomics is now attempting to discover the mechanisms
in which the gene sequences act. Such mechanisms include gene expression, dur-
ing both embryological development and normal gene activities in the adult.
The field of biochemistry also studies mechanisms when it find the activities
that transform one stage in a pathway to next, such as the enzymes, reactants
and products in the Krebs cycle that produces the energy molecule ATP. An
important current scientific task is to connect genetic mechanisms studied by
molecular biology with metabolic mechanisms studied by biochemistry. As that
task is accomplished, science will have a unified picture of the mechanisms that
carry out the two essential features of life according to Aristotle: reproduction
and nutrition.

Given this importance of mechanisms in biology, a correspondingly important
task for discovery science is to find methods for discovering mechanisms. If the
goal is to discover a mechanism, then the nature of that product shapes the
process of discovery. A new characterization of mechanism aids the search for
reasoning strategies to discover mechanisms.

A mechanism is sought to explain how a phenomenon is produced
(Machamer, Darden, Craver 2000) or how some task is carried out (Bechtel and
Richardson 1993) or how the mechanism as a whole behaves (Glennan 1996).
Mechanisms may be characterized in the following way:

Mechanisms are entities and activities organized such that they are pro-
ductive of regular changes from start or set-up to finish or termination
conditions. (Machamer, Darden, Craver 2000, p. 3).

Mechanisms are regular in that they usually work in the same way under the
same conditions. The regularity is exhibited in the typical way that the mecha-
nism runs from beginning to end; what makes it regular is the productive con-
tinuity between stages. Mechanisms exhibit productive continuity without gaps
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from the set up to the termination conditions; that is, each stage gives rise to,
allows, drives, or makes the next.

The ontology proposed here consists of entities, properties, and activities.
Mechanisms are composed of both entities (with their properties) and activities.
Activities are the producers of change. Entities are the things that engage in
activities. Activities require that entities have specific types of properties. For
example, two entities, a DNA base and its complement, engage in the activity
of hydrogen bonding because of their properties of geometric shape and weak
polar charges.

For a given scientific field, there are typically entities and activities that are
accepted as relatively fundamental or taken to be unproblematic for the purposes
of a given scientist, research group, or field. That is, descriptions of mechanisms
in that field typically bottom out somewhere. Bottoming out is relative: different
types of entities and activities are where a given field stops when constructing its
descriptions of mechanisms. In molecular biology, mechanisms typically bottom
out in descriptions of the activities of cell organelles, such as the ribosome,
and molecules, including macromolecules, smaller molecules, and ions. The most
important kinds of activities in molecular biology are geometrico-mechanical
and electro-chemical activities. An example of a geometrico-mechanical activity
is the lock and key docking of an enzyme and its substrate. Electro-chemical
activities include strong covalent bonding and weak hydrogen bonding.

Entities and activities are interdependent (Machamer, Darden, Craver 2000,
p. 6). For example, appropriate chemical valences are necessary for covalent
bonding. Polar charges are necessary for hydrogen bonding. Appropriate shapes
are necessary for lock and key docking. This interdependence of entities and
activities allows one to reason about one, based on what is known or conjectured
about the other, in each stage of the mechanism (Darden and Craver, in press).

A mechanism schema is a truncated abstract description of a mechanism that
can be filled with more specific descriptions of component entities and activities.
An example is the following:

DNA — RNA — protein.

This is a diagram of the central dogma of molecular biology. It is a very abstract,
schematic representation of the mechanism of protein synthesis.

A schema may be even more abstract if it merely indicates functional roles
played in the mechanism by fillers of a place in the schema (Craver 2001). Con-
sider the schema

DNA — template — protein.

The schema term “template” indicates the functional role played by the interme-
diate between DNA and protein. Hypotheses about role-fillers changed during
the incremental discovery of the mechanism of protein synthesis in the 1950s
and 1960s. Thus, mechanism schemes are particularly good ways of representing
functional roles. (For discussion of “local” and “integrated” functions and a less
schematic way of representing them in a computational system, see Karp 2000.)
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Table 1. Constraints on the Organization of Mechanisms
Character of phenomenon

Componency Constraints
Entities and activities
Modules

Spatial Constraints
Compartmentalization
Localization
Connectivity
Structural
Orientation

Temporal Constraints
Order
Rate
Duration
Frequency

Hierarchical Constraints
Integration of levels

(from Craver and Darden 2001)

Mechanism sketches are incomplete schemas. They contain black boxes,
which cannot yet be filled with known components. Attempts to instantiate
a sketch would leave a gap in the productive continuity; that is, knowledge of
the needed particular entities and activities is missing. Thus, sketches indicate
what needs to be discovered in order to find a mechanism schema.

Once a schema is found and instantiated, a detailed description of a mecha-
nism results. For example, a more detailed description of the protein synthesis
mechanism (often depicted in diagrams) satisfies the constraints that any ade-
quate description of a mechanism must satisfy. It shows how the phenomenon,
the synthesis of a protein, is carried out by the operation of the mechanism.
It depicts the entities-DNA, RNA, and amino acids—as well as implicitly, the
activities. Hydrogen bonding is the activity operating when messenger RNA is
copied from DNA. There is a geometrico-mechanical docking of the messenger
RNA and the ribosome, a particle in the cytoplasm. Hydrogen bonding again
occurs as the codons on messenger RNA bond to the anticodons on transfer
RNASs carrying amino acids. Finally, covalent bonding is the activity that links
the amino acids together in the protein. Good mechanism descriptions show the
spatial relations of the components and the temporal order of the stages.

A detailed description of a mechanism satisfies several general constraints.
(They are listed in Table[d and indicated here by italics.) There is a phenomenon
that the mechanism, when working, produces, for example, the synthesis of a pro-
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tein. The nature of the phenomenon, which may be recharacterized as research
on it proceeds, constrains details about the mechanism that produces it. For
example, the components of the mechanism, the entities and activities, must be
adequate to synthesize a protein, composed of amino acids tightly covalently
bonded to each other. There are various spatial constraints. The DNA is located
in the nucleus (in eucaryotes) and the rest of the machinery is in the cytoplasm.
The ribosome is a particle with a two part structure that allows it to attach to
the messenger RNA and orient the codons of the messenger so that particular
transfer RNAs can hydrogen bond to them. There is a particular order in which
the steps occur and they take certain amounts of time. All of these constraints
can play roles in the search for mechanisms, and, then, they become part of an
adequate description of a mechanism. (For more discussion of these constraints,
see Craver and Darden 2001.)

From this list of constraints on an adequate description of a mechanism, it is
evident that mere equations do not adequately represent the numerous features
of a mechanism, especially spatial constraints. Diagrams that depict structural
features, spatial relations and temporal sequences are good representations of
mechanisms.

To sum up so far: Recent work has provided this new characterization of what
a mechanism is, the constraints that any adequate description of a mechanism
must satisfy, and an analysis of abstract mechanism schemas and incomplete
mechanism sketches that can play roles in guiding discovery.

4 Outline of a System for Constructing Hypothetical
Mechanisms

Components of a computational system for discovering mechanisms are outlined
in Figure 2. They include a simulator, a hypothesized mechanism schema, a
discoverer with reasoning strategies for generation, evaluation, and revision, and
a searchable, indexed library.

4.1 Simulator

The goal is to construct a simulator that adequately simulates a biological mech-
anism. Given the set up conditions, the simulator can be used to predict specific
termination conditions. The simulator is an instantiation of a mechanism schema.
It may contain more or less detail about the specific component entities and ac-
tivities and their structural, spatial and temporal organization. From a human
factors perspective, a video option to display the mechanism simulation in action
would aid the user in seeing what the mechanism is doing at each stage. The
video could be stopped at each stage and details of the entities and activities of
that stage examined in more detail.
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Library <+ | reasoning strategies for
—> | generation, evaluation, revision
| types of schemas | l
| types of modules | | hypothetical mechanism schema |
| types of entities | l
| mechanism simulator |
| types of activities |

Mechanism Discovery System

Fig. 2. Outline for a Mechanism Discovery System

4.2 Library

A mechanism schema is discovered by iterating through stages of generation,
evaluation, and revision. Generation is accomplished by several steps. First, a
phenomenon to be explained must be characterized. Its mode of description will
guide the search for schemas that can produce it. Search occurs within a library,
consisting of several types of entries: types of schemas, types of modules, types
of entities, and types of activities.

The search among types of schemas is a search for an abstraction of an
analogous mechanism (on analogies and schemas, see, e.g., Holyoak and Thagard
1995). Kevin Dunbar (1995) has shown that molecular biologists often use “local
analogies” to similar mechanisms in their own field and “regional analogies” to
mechanisms in other, neighboring fields. Such analogies are good sources from
which to abstract mechanism schemas.

Types of schemas, modules, entities and activities are interconnected. A par-
ticular type of schema, for example, a gene regulation schema, may suggest one
or more types of modules, such as derepression or negative feedback modules. A
type of entity will have activity-enabling properties that indicate it can produce
a type of activity. Conversely, a type of activity will require particular types of
entities. For example, nucleic acids have polar charged bases that enable them
to engage in the activity of hydrogen bonding, a weak form of chemical bonding
that can be easily formed and broken between polar molecules.

Schemas may be indexed by the kind of phenomenon they produce. For ex-
ample, for the phenomenon of producing an adaptation, two types of mechanisms
have been proposed historically by biologists—selective mechanisms and instruc-
tive mechanisms (Darden, 1987). At a high degree of abstraction, a selection
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schema may be characterized as follows: first comes a stage of variant produc-
tion; next comes a stage with a selective interaction that poses a challenge to
the variants; this is followed by differential benefit for some of the variants. In
contrast, instructive mechanisms have a coupling between the stage of variant
production and the selective environment, so that an instruction is sent from
the environment and interpreted by the adaptive system to produce only the
required variant. In evolutionary biology and immunology, selective mechanisms
rather than instructive ones have been shown to work in producing evolutionary
adaptations and clones of antibody cells (Darden and Cain 1989).

A library of modules can be indexed by the functional roles they can fulfill
in a schema (e.g., Goel and Chandrasekaran 1989). For example, if a schema re-
quires end-product inhibition, then a feedback control module can be added to
the linear schema. If cell-to-cell signaling is indicated, then membrane spanning
proteins serving as receptors are a likely kind of module. Entities and activities
can be categorized in numerous ways. Types of macromolecules include nucleic
acids, proteins, and carbohydrates. When proteins, for example, perform func-
tions, such as enzymes that catalyze reactions, then the kind of function, such
as phosphorylation, is a useful indexing method.

4.3 Discoverer: Generation, Evaluation, Revision

During generation, after a phenomenon is characterized, then a search is made to
see if an entire schema can be found that produces such a type of phenomenon.
If an entire schema can be found, such as a selective or instructive schema, then
generation can proceed to further specification with types of modules, entities,
and activities. If no entire schema is available, then modules may be put together
piecemeal to fulfill various functional roles. If functional roles and modules to
fill them are not yet known, then reasoning about types of entities and activities
is available. By starting from known set up conditions, or, conversely, from the
end product, a hypothesized string of entities and activities can be constructed.
Reasoning forward from the beginning or backward from the end product of the
mechanism will allow gaps in the middle to be filled. In sum, reasoning strategies
for discovering mechanisms include schema instantiation, modular subassembly,
and forward chaining/backtracking (Darden, forthcoming).

Evaluation. Once one or more hypothesized mechanism schemas are found
or constructed piecemeal, then evaluation occurs. Evaluation proceeds through
stages from how possibly to how plausibly to how actually. (Peter Machamer
suggests that “how actually” is best read as “how most plausibly,” given that
all scientific claims are contingent, that is, subject to revision in the light of new
evidence.)

How possibly a mechanism operates can be shown by building a simulator
that begins with the set up conditions and produces the termination conditions
by moving through hypothesized intermediate stages. As additional constraints
are fulfilled and evaluation strategies applied, the proposed mechanism becomes
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Table 2. Strategies for Theory Evaluation

Internally consistent and nontautologous
Systematicity vs. modularity

Clarity

Explanatory adequacy

Predictive adequacy

Scope and generality

Lack of ad hocness

Extendability and fruitfulness

Relations with other accepted theories
Metaphysical and methodological constraints
Relation to rivals

i e I o e

—_

(from Darden 1991, p. 257)

more plausible. The constraints of Table [l must be satisfied. Table 2 (from
Darden 1991, Table 15-2) lists strategies for theory assessment often employed by
philosophers of science. A working simulator will likely show that the proposed
schema is internally consistent and consists of modules whose functioning is
clearly understood, thus satisfying some of the conditions listed in 1-3. If the
simulator can be run to produce the phenomenon to be explained, then condition
4 of explanatory adequacy is at least partially fulfilled. Testing a prediction
against data is often viewed as the most important evaluation strategy. The
simulator can be run with different initial conditions to produce predictions,
which can be tested against data. If a prediction does not match a data point,
then an anomaly results and revision is required. We will omit further discussion
of the other strategies for theory assessment in order to turn our attention to
anomaly resolution strategies to use when revision is required.

Anomaly resolution. When a prediction does not match a data point, then
an anomaly results. Strategies for anomaly resolution require a number of infor-
mation processing tasks to be carried out. In previous work with John Josephson
and Dale Moberg, we investigated computational implementation of such tasks
(Moberg and Josephson 1990; Darden et al. 1992; Darden 1998). A list of such
tasks is found in Figure 3.

Reasoning in anomaly resolution is, first, a diagnostic reasoning task, to lo-
calize the site(s) of failure, and, then, a redesign task, to improve the simulation
to remove the problem. Characterizing the exact difference between the predic-
tion and the data point is a first step. Peter Karp (1990; 1993) discussed this step
of anomaly resolution in his implementation of the MOLGEN system to resolve
anomalies in a molecular biology simulator. One wants to milk the anomaly itself
for all the information one can get about the nature of the failure. Often during
diagnosis, the nature of the anomaly allows failures to be localized to one part
of the system rather than others, sometimes to a specific site.
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simulator + initial conditions —  Prediction by simulator

observed result > l
anomaly detection

)

anomaly characterization

}

construct fault site hypotheses

)

provisionally localize blame

}

Construct alternative redesign h’s

}

evaluate h's & chose one h*

|

construct modified theory with h*

}

test modified theory (resimulate)

v

add'l information
(e.g., from research program)

v

add'l information

T retry localization

T retry redesign

further evaluate modified theory
(e.g., relation to other theories?)

incorporate in explanatory repertoire

Fig. 3. Information Processing Tasks in Anomaly Resolution (from Darden 1998, p. 69)
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Once hypothesized localizations are found by doing credit assignment, then
alternative redesign hypotheses for that module can be constructed. Once again,
the library of modules, entities and activities can be consulted to find plausi-
ble candidates. The newly redesigned simulator can be run again to see if the
problem is fixed and the prediction now matches the data point.

5 Piecemeal Discovery and Hierarchical Integration

The view of scientific discovery proposed here is that discovery of mechanisms
occurs in extended episodes of cycles of generation, evaluation, and revision. In
so far as the constraints are satisfied, the assessment strategies are applied, and
any anomalies are resolved, then the hypothesized mechanism will have moved
through the stages of how possibly to how plausibly to how actually. A new
mechanism will have been discovered.

Once a new mechanism at a given mechanism level has been discovered, then
that mechanism needs to be situated within the context of other biological mech-
anisms. Thus, the general strategy for theory evaluation of consistent relations
with other accepted theories in other fields of science (see Table 2] strategy 9) is
reinterpreted. By thinking about theories as mechanism schemas, the strategy
gets implemented by situating the hypothesized mechanism in a larger context.
This larger context consists of mechanisms that occur before and after it, as well
as mechanisms up or down in a mechanism hierarchy (Craver 2001). Biologi-
cal mechanisms are nested within other mechanisms, and finding such a fit in
an integrated picture is another measure of the adequacy of a newly proposed
mechanism.

6 Conclusion

Integrated mechanism schemas can serve as the scaffolding of the biological
matrix. They provide a framework to integrate general biological knowledge
of mechanisms, the data that provide evidence for such mechanisms, and the
reports in the literature of research to discover mechanisms.

This paper has discussed a new characterization of mechanism, based on
an ontology of entities, properties, and activities, and has outlined components
of a computational system for discovering mechanisms. Discovery is viewed as
an extended process, requiring reasoning strategies for generation, evaluation,
and revision of hypothesized mechanism schemas. Discovery moves through the
stages of from how possibly to how plausibly to how actually a mechanism works.
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Abstract. The growing use of information visualization tools and data mining
algorithms stems from two separate lines of research. Information visualization
researchers believe in the importance of giving users an overview and insight
into the data distributions, while data mining researchers believe that statistical
algorithms and machine learning can be relied on to find the interesting patterns.
This paper discusses two issues that influence design of discovery tools: statistical
algorithms vs. visual data presentation, and hypothesis testing vs. exploratory
data analysis. I claim that a combined approach could lead to novel discovery
tools that preserve user control, enable more effective exploration, and promote
responsibility.

1 Introduction

Genomics researchers, financial analysts, and social scientists hunt for patterns in vast
data warehouses using increasingly powerful software tools. These tools are based on
emerging concepts such as knowledge discovery, data mining, and information visual-
ization. They also employ specialized methods such as neural networks, decisions trees,
principal components analysis, and a hundred others.

Computers have made it possible to conduct complex statistical analyses that would
have been prohibitive to carry out in the past. However, the dangers of using complex
computer software grow when user comprehension and control are diminished. There-
fore, it seems useful to reflect on the underlying philosophy and appropriateness of the
diverse methods that have been proposed. This could lead to better understandings of
when to use given tools and methods, as well as contribute to the invention of new
discovery tools and refinement of existing ones.

Each tool conveys an outlook about the importance of human initiative and control
as contrasted with machine intelligence and power [16]. The conclusion deals with the
central issue of responsibility for failures and successes. Many issues influence design
of discovery tools, but I focus on two: statistical algorithms vs. visual data presentation
and hypothesis testing vs. exploratory data analysis.

* Keynote for Discovery Science 2001 Conference, November 25-28, 2001, Washington, DC.
Also to appear in Information Visualization, new journal by Palgrave/MacMillan.

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 17-28] 2001.
(© Springer-Verlag Berlin Heidelberg 2001
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2 Statistical Algorithms vs. Visual Data Presentation

Early efforts to summarize data generated means, medians, standard deviations, and
ranges. These numbers were helpful because their compactness, relative to the full data
set, and their clarity supported understanding, comparisons, and decision making. Sum-
mary statistics appealed to the rational thinkers who were attracted to the objective nature
of data comparisons that avoided human subjectivity. However, they also hid interesting
features such as whether distributions were uniform, normal, skewed, bi-modal, or dis-
torted by outliers. A remedy to these problems was the presentation of data as a visual
plot so interesting features could be seen by a human researcher.

The invention of times-series plots and statistical graphics for economic data is
usually attributed to William Playfair (1759-1823) who published The Commercial and
Political Atlas in 1786 in London. Visual presentations can be very powerful in revealing
trends, highlighting outliers, showing clusters, and exposing gaps. Visual presentations
can give users a richer sense of what is happening in the data and suggest possible
directions for further study. Visual presentations speak to the intuitive side and the
sense-making spirit that is part of exploration. Of course visual presentations have their
limitations in terms of dealing with large data sets, occlusion of data, disorientation, and
misinterpretation.

By early in the 20th century statistical approaches, encouraged by the Age of Ra-
tionalism, became prevalent in many scientific domains. Ronald Fisher (1890-1962)
developed modern statistical methods for experimental designs related to his extensive
agricultural studies. His development of analysis of variance for design of factorial ex-
periments [7] helped advance scientific research in many fields [12]]. His approaches
are still widely used in cognitive psychology and have influenced most experimental
sciences.

The appearance of computers heightened the importance of this issue. Computers
can be used to carry out far more complex statistical algorithms and they also be used to
generate rich visual, animated, and user-controlled displays. Typical presentation of sta-
tistical data mining results is by brief summary tables, induced rules, or decision trees.
Typical visual data presentations show data-rich histograms, scattergrams, heatmaps,
treemaps, dendrograms, parallel coordinates, etc. in multiple coordinated windows that
support user-controlled exploration with dynamic queries for filtering (Fig. ). Compara-
tive studies of statistical summaries and visual presentations demonstrate the importance
of user familiarity and training with each approach and the influence of specific tasks.
Of course, statistical summaries and visual presentations can both be misleading or
confusing.
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An example may help clarify the distinction. Promoters of statistical methods may
use linear correlation coefficients to detect relationships between variables, which works
wonderfully when there is a linear relationship between variables and when the data is
free from anomalies. However, if the relationship is quadratic (or exponential, sinusoidal,
etc.) a linear algorithm may fail to detect the relationship. Similarly if there are data
collection problems that add outliers or if there are discontinuities over the range (e.g.
freezing or boiling points of water), then linear correlation may fail. A visual presentation
is more likely to help researchers find such phenomena and suggest richer hypotheses.

3 Hypothesis Testing vs. Exploratory Data Analysis

Fisher’s approach not only promoted statistical methods over visual presentations, but
also strongly endorsed theory-driven hypothesis-testing research over casual observation
and exploratory data analysis. This philosophical strand goes back to Francis Bacon
(1551-1626) and later to John Herschel’s 1830 A Preliminary Discourse on the Study
of Natural Philosophy. They are usually credited with influencing modern notions of
scientific methods based on rules of induction and the hypothetico-deductive method.
Believers in scientific methods typically see controlled experiments as the fast path to
progress, even though its use of the reductionist approach to test one variable at a time
can be disconcertingly slow. Fisher’s invention of factorial experiments helped make
controlled experimentation more efficient.

Advocates of the reductionist approach and controlled experimentation argue that
large benefits come when researchers are forced to clearly state their hypotheses in ad-
vance of data collection. This enables them to limit the number of independent variables
and to measure a small number of dependent variables. They believe that the courageous
act of stating hypotheses in advance sharpens thinking, leads to more parsimonious data
collection, and encourages precise measurement. Their goals are to understand causal
relationships, to produce replicable results, and to emerge with generalizable insights.
Critics complain that the reductionist approach, with its laboratory conditions to ensure
control, is too far removed from reality (not situated and therefore stripped of context)
and therefore may ignore important variables that effect outcomes. They also argue that
by forcing researchers to state an initial hypothesis, their observation will be biased to-
wards finding evidence to support their hypothesis and will ignore interesting phenomena
that are not related to their dependent variables.

On the other side of this interesting debate are advocates of exploratory data analysis
who believe that great gains can be made by collecting voluminous data sets and then
searching for interesting patterns. They contend that statistical analyses and machine
learning techniques have matured enough to reveal complex relationships that were not
anticipated by researchers. They believe that a priori hypotheses limit research and are no
longer needed because of the capacity of computers to collect and analyze voluminous
data. Skeptics worry that any given set of data, no matter how large, may still be a special
case, thereby undermining the generalizability of the results. They also question whether
detection of strong statistical relationships can ever lead to an understanding of cause
and effect. They declare that correlation does not imply causation.
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Once again, an example may clarify this issue. If a semiconductor fabrication facility
is generating a high rate of failures, promoters of hypothesis testing might list the possible
causes, such as contaminants, excessive heat, or too rapid cooling. They might seek
evidence to support these hypotheses and maybe conduct trial runs with the equipment
to see if they could regenerate the problem. Promoters of exploratory data analysis might
want to collect existing data from the past year of production under differeing conditions
and then run data mining tools against these data sets to discover correlates of high rates
of failure. Of course, an experienced supervisor may blend these approaches, gathering
exploratory hypotheses from the existing data and then conducting confirmatory tests.

4 The New Paradigms

The emergence of the computer has shaken the methodological edifice. Complex sta-
tistical calculations and animated visualizations become feasible. Elaborate controlled
experiments can be run hundreds of times and exploratory data analysis has become
widespread. Devotees of hypothesis-testing have new tools to collect data and prove
their hypotheses. T-tests and analysis of variance (ANOVA) have been joined by linear
and non-linear regression, complex forecasting methods, and discriminant analylsis.

Those who believe in exploratory data analysis methods have even more new tools
such as neural networks, rule induction, a hundred forms of automated clustering, and
even more machine learning methods. These are often covered in the rapidly growing
academic discipline of data mining [6J8]]. Witten and Frank define data mining as "the
extraction of implicit, previously unknown, and potentially useful information from
data." They caution that "exaggerated reports appear of the secrets that can be uncovered
by setting learning algorithms loose on oceans of data. But there is no magic in machine
learning, no hidden power, no alchemy. Instead there is an identifiable body of simple
and practical techniques that can often extract useful information from raw data." [[19]

Similarly, those who believe in data or information visualization are having a great
time as the computer enables rapid display of large data sets with rich user control
panels to support exploration [5]]. Users can manipulate up to a million data items
with 100-millisecond update of displays that present color-coded, size-coded markers
for each item. With the right coding, human pre-attentive perceptual skills enable users
to recognize patterns, spot outliers, identify gaps, and find clusters in a few hundred
milliseconds. When data sets grow past a million items and cannot be easily seen on
a computer display, users can extract relevant subsets, aggregate data into meaningful
units, or randomly sample to create a manageable data set.

The commercial success of tools such as SAS JMP (www.sas.com), SPSS Diamond
(www.spss.com), and Spotfire (www.spotfire.com) (Fig. [I), especially for pharmaceuti-
cal drug discovery and genomic data analysis, demonstrate the attraction of visualization.
Other notable products include Inxight’s Eureka (www.inxight.com) for multidimen-
sional tabular data and Visual Insights’ eBizinsights (www.visualinsights.com) for web
log visualization.

Spence characterizes information visualization with this vignette "You are the owner
of some numerical data which, you feel, is hiding some fundamental relation...you then
glance at some visual presentation of that data and exclaim *Ah ha! - now I understand.”"
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[13]]. But Spence also cautions that "information visualization is characterized by so
many beautiful images that there is a danger of adopting a ’Gee Whiz’ approach to its
presentation.”

5 A Spectrum of Discovery Tools

The happy resolution to these debates is to take the best insights from both extremes and
create novel discovery tools for many different users and many different domains. Skilled
problem solvers often combine observation at early stages, which leads to hypothesis-
testing experiments. Alternatively they may have a precise hypothesis, but if they are
careful observers during a controlled experiment, they may spot anomalies that lead
to new hypotheses. Skilled problem solvers often combine statistical tests and visual
presentation. A visual presentation of data may identify two clusters whose separate
analysis can lead to useful results when a combined analysis would fail. Similarly, a
visual presentation might show a parabola, which indicates a quadratic relationship
between variables, but no relationship would be found if a linear correlation test were
applied. Devotees of statistical methods often find that presenting their results visually
helps to explain them and suggests further statistical tests.

The process of combining statistical methods with visualization tools will take some
time because of the conflicting philosophies of the promoters. The famed statistician
John Tukey (1915-2000) quickly recognized the power of combined approaches [14]:
"As yet I know of no person or group that is taking nearly adequate, advantage of the
graphical potentialities of the computer... In exploration they are going to be the data
analyst’s greatest single resource." The combined strength of visual data mining would
enrich both approaches and enable more successful solutions [[17]. However, most books
on data mining have only brief discussion of information visualization and vice versa.
Some researchers have begun to implement interactive visual approaches to data mining
[TO2I13).

Accelerating the process of combining hypothesis testing with exploratory data anal-
ysis will also bring substantial benefits. New statistical tests and metrics for uniformity
of distributions, outlier-ness, or cluster-ness will be helpful, especially if visual inter-
faces enable users to examine the distributions rapidly, change some parameters and get
fresh metrics and corresponding visualizations.

6 Case Studies of Combining Visualization with Data Mining

One way to combine visual techniques with automated data mining is to provide support
tools for users with both components. Users can then explore data with direct manipula-
tion user interfaces that control information visualization components and apply statis-
tical tests when something interesting appears. Alternatively, they can use data mining
as a first pass and then examine the results visually. Direct manipulation strategies with
user-controlled visualizations start with visual presentation of the world of action, which
includes the objects of interest and the actions. Early examples included air traffic con-
trol and video games. In graphical user interfaces, direct manipulation means dragging
files to folders or to the trashcan for deletion. Rapid incremental and reversible actions
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encourage exploration and provide continuous feedback so users can see what they are
doing. Good examples are moving or resizing a window. Modern applications of direct
manipulation principles have led to information visualization tools that show hundreds
of thousands of items on the screen at once. Sliders, check boxes, and radio buttons
allow users to filter items dynamically with updates in less than 100 milliseconds.
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Fig. 2. Dynamic Queries HomeFinder with sliders to control the display of markers indicating
homes for sale. Users can specify distances to markers, bedrooms, cost, type of house and features
(18]

Early information visualizations included the Dynamic Queries HomeFinder (Fig.
) which allowed users to select from a database of 1100 homes using sliders on home
price, number of bedrooms, and distance from markers, plus buttons for other features
such as fireplaces, central air conditioning, etc. [[18].

This led to the FilmFinder [[1] and then the successful commercial product, Spotfire
(Fig. [I). One Spotfire feature is the View Tip that uses statistical data mining methods to
suggest interesting pair-wise relationships by using linear correlation coefficients (Fig.
[B). The ViewTip might be improved by giving more user control over the specification
of interesting-ness that ranks the outcomes.

While some users may be interested in high linear correlation coefficients, others
may be interested in low correlation coefficients, or might prefer rankings by quadratic,
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exponential, sinusoidal or other correlations. Other choices might be to rank distributions
by existing metrics such as skewness (negative or positive) or outlierness [3]. New
metrics for degree of uniformity, cluster-ness, or gap-ness are excellent candidates for
research. We are in the process of building a control panel that allows users to specify
the distributions they are seeking by adjusting sliders and seeing how the rankings shift.
Five algorithms have been written for 1-dimensional data and one for 2-dimensional
data, but more will be prepared soon (Fig. @).
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Fig. 3. Spotfire View Tip panel with ranking of possible 2-dimensional scatter plots in descending
order by the strength of linear correlation. Here the strong correlation in baseball statistics is
shown between Career At Bats and Career Hits. Notice the single outlier in the upper right corner,
representing Pete Rose’s long successful career.

A second case study is our work with time-series pattern finding [4]]. Current tools
for stock market or genomic expression data from DNA microarrays rely on clustering
in multidimensional space, but a more user-controlled specification tool might enable
analysts to carefully specify what they want [9]. Our efforts to build a tool, TimeSearcher,
have relied on query specification by drawing boxes to indicate what ranges of values
are desired for each time period (Fig. [§). It has more of the spirit of hypothesis testing.
While this takes somewhat greater effort, it gives users greater control over the query
results. Users can move the boxes around in a direct manipulation style and immediately
see the new set of results. The opportunity for rapid exploration is dramatic and users
can immediately see where matches are frequent and where they are rare.
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distributions according to the number of identifiable clusters. The M93-007 data is the second one
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7 Conclusion and Recommendations

Computational tools for discovery, such as data mining and information visualization
have advanced dramatically in recent years. Unfortunately, these tools have been de-
veloped by largely separate communities with different philosophies. Data mining and
machine learning researchers tend to believe in the power of their statistical methods to
identify interesting patterns without human intervention. Information visualization re-
searchers tend to believe in the importance of user control by domain experts to produce
useful visual presentations that provide unanticipated insights.

Recommendation 1: integrate data mining and information visualization to invent dis-
covery tools. By adding visualization to data mining (such as presenting scattergrams to
accompany induced rules), users will develop a deeper understanding of their data. By
adding data mining to visualization (such as the Spotfire View Tip), users will be able
to specify what they seek. Both communities of researchers emphasize exploratory data
analysis over hypothesis testing. A middle ground of enabling users to structure their
exploratory data analysis by applying their domain knowledge (such as limiting data
mining algorithms to specific range values) may also be a source of innovative tools.

Recommendation 2: allow users to specify what they are seeking and what they find
interesting. By allowing data mining and information visualization users to constrain
and direct their tools, they may produce more rapid innovation. As in the Spotfire View
Tip example, users could be given a control panel to indicate what kind of correlations
or outliers they are looking for. As users test their hypotheses against the data, they find
dead ends and discover new possibilities. Since discovery is a process, not a point event,
keeping a history of user actions has a high payoff. Users should be able to save their
state (data items and control panel settings), back up to previous states, and send their
history to others.

Recommendation 3: recognize that users are situated in a social context. Researchers and
practitioners rarely work alone. They need to gather data from multiple sources, consult
with domain experts, pass on partial results to others, and then present their findings to
colleagues and decision makers. Successful tools enable users to exchange data, ask for
consultations from peers and mentors, and report results to others conveniently.

Recommendation 4: respect human responsibility when designing discovery tools. If
tools are comprehensible, predictable and controllable, then users can develop mastery
over their tools and experience satisfaction in accomplishing their work. They want to
be able to take pride in their successes and they should be responsible for their failures.
When tools become too complex or unpredictable, users will avoid their use because
the tools are out of their control. Users often perform better when they understand and
control what the computer does [[L1].

If complex statistical algorithms or visual presentations are not well understood by
users they cannot act on the results with confidence. I believe that visibility of the sta-
tistical processes and outcomes minimizes the danger of misinterpretation and incorrect
results. Comprehension of the algorithms behind the visualizations and the implications
of layout encourage effective usage that leads to successful discovery.
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Abstract. In this paper we claim that meaningful representations can
be learned by programs, although today they are almost always designed
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appropriate for programs to learn. Specifically, a representation is mean-
ingful if it incorporates an indicator of external conditions and if the
indicator relation informs action. We survey methods for inducing kinds
of representations we call structural abstractions. Prototypes of sensory
time series are one kind of structural abstraction, and though they are
not denoting or compositional, they do support planning. Deictic rep-
resentations of objects and prototype representations of words enable a
program to learn the denotational meanings of words. Finally, we discuss
two algorithms designed to find the macroscopic structure of episodes in
a domain-independent way.
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Abstract. We present the concept of a functional programming lan-
guage called VML (View Modeling Language), providing facilities to in-
crease the efficiency of the iterative, trial-and-error cycle which frequently
appears in any knowledge discovery process. In VML, functions can be
specified so that returning values implicitly “remember”, with a special
internal representation, that it was calculated from the corresponding
function. VML also provides facilities for “matching” the remembered
representation so that one can easily obtain, from a given value, the
functions and/or parameters used to create the value. Further, we de-
scribe, as VML programs, successful knowledge discovery tasks which we
have actually experienced in the biological domain, and argue that com-
putational knowledge discovery experiments can be efficiently developed
and conducted using this language.

1 Introduction

The general flow and components which comprise the knowledge discovery pro-
cess have come to be recognized [410] in the literature. According to these
articles, the KDD process can be, in general, divided into several stages such
as: data preparation (selection, preprocessing, transformation) data mining, hy-
pothesis interpretation/evaluation, and knowledge consolidation. It is also well
known that a typical process will not only go one-way through the steps, but
will involve many feedback loops, due to the trial-and-error nature of knowledge
discovery [2].

Most research in the literature concerning KDD focus on only a single stage
of the process, such as the development of efficient and intelligent algorithms for
a specific problem in the data mining stage. On the other hand, it seems that
there has been comparatively little work which considers the process as a whole,
concentrating on the iterative nature inherent in any KDD process.

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 30-44] 2001.
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More recently, the concept of view has been introduced for describing the
steps of this process in a uniform manner [IJ12[13|[14]. Views are essentially func-
tions over data. These functions, as well as their combinations, represent ways of
looking at data, and the values they return are attributes values concerning their
input arguments. The relationship between data, view, and the result obtained
by applying a view to the data, can be considered as knowledge. The goal of
KDD can be restated as the search for meaningful views. Views also provide an
elegant interface for human intervention into the discovery process [1/12], whose
need has been stressed in [9]. The iterative cycle of KDD consists very much of
composing and decomposing of views, and facilities should be provided to assist
these activities.

The purpose of this paper is to present the concept of a programming lan-
guage, VML (View Modeling Language), which can help speed up this iterative
cycle. We consider extending the Objective Caml (OCaml) language [27], a func-
tional language which is a dialect of the ML [16] language. We chose a functional
language for our base, since it can handle higher order values (functions) just like
any other value, which should help in the manipulation of views. Also, functional
languages have a reputation for enabling efficient and accurate programming of
maintainable code, even for complex applications [G].

We focus on the fact that the primary difference between a view and a
function, is that views must always have an interpretable meaning, because the
knowledge must be interpretable to be of any use. The two extensions we con-
sider are the keywords ‘view’ and ‘vmatch’. ‘view’ is used to bind a function to
a name as well as instructing the program to remember any value resulting from
the function. ‘vmatch’ is a keyword for the decomposing of functional application,
enabling the extraction of the origins of remembered values.

Of course, it is not impossible to accomplish the “remembering” with conven-
tional languages. For example, we can have each function return a data structure
which contains the resulting value and their representation. However, we wish to
free the programmer from the labor of keeping track this data structure: what
parameters were used where and when, by packaging this information implicitly
into the language. As a result, the following tasks, for example, can be done
without much extra effort:

— Interpret knowledge (functions and their parameters) obtained from learn-
ing/discovery programs.
— Reuse knowledge obtained from previous learning/discovery rounds.

Although we do not yet have a direct implementation of VML, we have been
conducting computational experiments written in the C++ language based on
the idea of views, obtaining substantial results [1[25]. We show how such exper-
iments can be conducted comparatively easily by describing the experiments in
terms of VML.

The structure of this paper is as follows: Basic concepts of views and VML
is described in Section Bl We describe, using VML, two actual discovery tasks
we have conducted in Section[d. We discuss various issues in Section Bl
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2 Related Work

There have been several knowledge discovery systems which focus on similar
problems concerning the KDD process as a whole. KEPLER [21] concentrates
on the extensibility of the system, adopting a “plug-in architecture”. CLEMEN-
TINE [§] is a successful commercial application which focuses on human inter-
vention, providing components which can be easily put together in many ways
through a GUI interface. Our work is different and unique in that it tries to
give a solution at a more generic level - until we understand the nature of the
data, we must try, literally, any method we can come up with, and therefore
universality is desired in our approaches.

Concerning the “remembering” of the origin of a value, one way to accomplish
this is to remember the source code of the function. For example, some dialects of
LISP provide a function called get-lambda-expression, which returns the actual
lisp code of a given closure. However, this can return too much information
concerning the value (e.g. the source code of a complicated algorithm). The
idea in our work is to limit the information that the user will see, by regarding
functions specified by the view keyword as the smallest unit of representation.

3 Concepts

In this section, we first briefly describe the concept of views, as found in [IJ.
Then, we discuss the basic concepts of VML, as an extension to the OCaml
language [27], and give simple examples.

3.1 Entity, Views, and View Operation

Here, we review the definitions of entity, view, and view operation, and show how
the KDD process can be described in terms of these concepts. An entity set E is
a set of objects which may be distinguished from one another, representing the
data under consideration. Each object e € E is called an entity. A viewv : E — R
is a function over E. v will take an entity e, and return some aspect (i.e. attribute
value) concerning e. A view operation is an operation which generates new views
from existing views and entities. Below are some examples:

Ezample 1. Given a view v : E — R, a new view v’ : E — R’ may be created
with a function ¢ : R — R’ (i.e. v =tpov: E > R R).

We can also consider n-ary functions as views. All arguments except for the
argument expecting the entity can be regarded as parameters of the view.

Hypothesis generation via machine learning algorithms can also be considered
as a form of view operation. The generated hypothesis can also be considered a
view.

Ezample 2. Given a set of data records (entities) and their attributes (views), the
ID3 algorithm [I8] (view operator) generates a decision tree T'. T is also a view
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because it is a function which returns the class that a given entity is classified
to. The generated view T can also be used as an input to other view operations,
to create new views, which can be regarded as knowledge consolidation.

Views and view operators are combined to create new views. The structure of
such combinations of a compound view, is called the design of the view. The
task of KDD lies in the search for good views which explain the data. Knowledge
concerning the data is encapsulated in its design. Human intervention can be
conducted through the hand-crafted design of views by domain experts. To suc-
cessfully assist the expert in the knowledge discovery process, the expert should
be able to manipulate and understand the view design with ease.

3.2 Representations

Here, we describe the basic concepts in VML. We shall call how a certain value
is created, its representation. For example, if an integer value 55 was created by
adding the numbers from 1 to 10, the representation of 55 is informally, “add
the integers from 1 to 10”. A value may have multiple representations, but every
representation should have only one corresponding value (except if there is some
sort of random process in the representation). Intuitively, the representation
for any value can be considered as the source code for computing that value.
However, in VML, the representation is limited to only primitive values (first
order values), and also application to functions specified with the view keyword,
so that it is feasible for the users to understand and interpret the values, seeing
only the information that they want to see.

The purpose of the view keyword is to specify that the runtime system should
remember the representation of the return value of the function. We shall call
such specified functions, view functions. Representations of values can be defined
as:

rep ::= primv (* primitive values *)
| vf repl ... repn (* application to view functions *)
| x . rep’ (* A-abstraction of representations *)

vmatch is used to extract components from the representation of a value, by
conducting pattern matching against the representation.

3.3 Simple Example

We give a simple example to illustrate basic OCaml syntax and the use of view
and vmatch statements. The syntax and semantics of VML are the same as
OCaml except for the added keywords. Only descriptions for the extended key-
words are given, and the reader is requested to consult the Objective Caml
Manual [27] for more information.
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For the example in the previous subsection, a function which calculates the
sum of positive integers 1 to n can be written in OCaml asfl

# let rec sumn n = if n <= 0 then 0 else (n + sumn (n-1));;
val sumn : int -> int = <fun>

# sumn 10;; (* apply 10 to sumn *)

- : int = b5

let binds the function (value) to the name sumn. rec specifies that the function
is a recursive function (a function that calls itself). n is an argument of the
function sumn. int -> int is the type of the function sumn, which reads as
follows: “sumn is a function that takes a value of type int as an argument,
and returns a value of type int”. Notice that the type of sumn is automatically
inferred by the compiler/interpreter, and need not be specified. Arguments can
be applied to functions just by writing them consecutively.

The syntax of the view keyword is the same as the let statement. If we
specify the above function with the view keyword in place of let: (we capitalize
the first letter of view functions for convenience)

# view rec Sumn n = if n <= 0 then 0 else (n + Sumn (n-1));;
val Sumn : int -> int = <fun>::(n . Sumn n)

# Sumn 10;;

- : int = 55::(Sumn 10)

Sumn is defined as a view function, and therefore, values calculated from Sumn
are implicitly remembered. In the above example, the return value is 55, and
its representation, shown to the right of the double colon ‘:’, is (Sumn 10).
We do not need to see the inside of Sumn, if we know the meaning of Sumn, to
understand this value of 55.

The vmatch keyword is used to decompose a representation of a value and
extract the function and/or any parameters which were used to created the value.
Its syntax is the same as the match statement of OCaml, which is used for the
pattern matching of miscellaneous data structures.

# let v = Sumn 10;; (* apply 10 to Sumn and bind the value to v *)
val v : int = 55::(Sumn 10)
# vmatch v with (* Extract parameters used to calculate v *)
(Sumn x) -> printf "Y%d was applied to Sumn\n" x
| _ -> printf "Error: v did not match (Sumn x)\n";;
10 was applied to Sumn
- ¢ unit = O

In the above example, the representation of v, which is (Sumn 10), is matched
against the pattern (Sumn x). If the match is successful, ‘x’ in the pattern is

! The expressions starting after '# and ending with ’;;’ is the input by the user, the
others are responses from the compiler/interpreter. Comments are written between
L(*7 and L*)7.
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assigned the corresponding value 10. This value can be used in the expression
to the right of ‘->’ which is evaluated in case of a match. Multiple patterns
matches can be attempted: each pattern and its corresponding expression are
separated by ‘|’, and the expression for the first matching pattern is evaluated.
The underscore ‘_’ represents a wild card pattern, matching any representation.
The entire vmatch expression evaluates to the unit type () (similar to void
in the C language) in this case, because printf is a function that executes a
side-effect (print a string), and returns Q.

3.4 Partial Application

Here, we consider how representations of partial applications to view functions
can be done. We note, however, that our description here may contains sub-
tle problems, for example, concerning the order of evaluation of the expressions,
which may be counter intuitive when programs contain side-effects. A formal de-
scription and sample implementation resolving these issues can be found in [20].

In the previous examples, we added integers from 1 to n. Suppose we want
to specify where to start also: add the integers from m to n. We can write the
view function as follows:

# view rec Sum_m_to_n m n = if (m > n) then O

else (n + (Sum_m_to_n m (n-1)));;
val Sum_m_to_n : int -> int -> int = <fun>::(m n . Sum_m_to_n m n)
# let sum3to = Sum_m_to_n 3;; (* partial application *)
val sum3to : int -> int = <fun>::(n . Sum_m_to_n 3 n)
# sum3to 5;;
- : int = 12::(Sum_m_to_n 3 5)

Sum_m_to_n is a view function of type int->int->int, which can be read as “a
function that takes two arguments of type int and returns a value of type int”,
or, “a function that takes one argument of type int and returns a value of type
int->int”. In defining sum3to, Sum m_to_n is applied with only one argument,
3, resulting in a function of type int->int. Applying another argument 5 to
sum3to will result in the same value as Summ ton 3 5.

Partially applied values are matched as follows. Arguments not applied will
only match the underscore ‘_’:

# vmatch sum3to with
(Sum_m_to_n x _)
-> printf "Sum_m_to_n partially applied with %d\n" x
| _ -> printf "failed match\n";;
Sum_m_to_n partially applied with 3
- : unit = O

We can reverse the order of arguments by the fun keyword, which is essen-
tially lambda abstraction.
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# let sumlOfrom = fun m -> Sum_m_to_n m 10;;
val suml1Ofrom : int -> int = <fun>::(m . Sum_m_to_n m 10)
# sumlOfrom 5;;
- : int = 45::(Sum_m_to_n 5 10)
# vmatch sumlOfrom with
(Sum_m_to_n _ x)
-> printf "Sum_m_to_n partially applied with %d\n" x
| _ -> printf "failed match\n";;
Sum_m_to_n partially applied with 10
- : unit = ()

The representation for sum10from is the result obtained by (-reduction of the
representation.

(m . (mn . Summton mn) m 10))
—g(m . ((n . Summ_ton m n) 10))
—g (m . (Summ_tomn m 10))

3.5 Multiple Representations

In the example with Sumn, although Sumn recursively calls itself, the represen-
tation of the values generated in the recursive calls is not remembered, because
the function ‘+’ is not a view function. If multiple representations are to be
remembered, they can be maintained with a list of representations, and vmatch
will try to match any of the representations.

4 Actual Knowledge Discovery Tasks

We describe two computational knowledge discovery experiments, showing how
VML can assist the programmer in such experiments. As noted in Section [I]
VML is not yet fully implemented, and therefore the experiments conducted
here were developed with the C++ language, using the HYPOTHESISCREATOR,
library [25], based on the concept of views.

4.1 Detecting Gene Regulatory Sites

It is known that: for many genes, whether or not the gene expresses its function
depends on specific proteins, called transcription factors, which bind to specific
locations on the DNA, called gene regulatory sites. Gene regulatory sites are
usually located in the upstream region of the coding sequence of the gene. Since
proteins selectively bind to these sites, it is believed that common motifs exists
for genes which are regulated by the same protein. We consider the case where
the 2-block motif model is preferred, that is, when the binding site cannot be
characterized by a single motif, and 2 motifs should be searched for.
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view ListDistAnd min max 11 12: int->int->(int list)->(int list)->bool
Return true if there exists el € 11, e2 € 12
such that min < (e2 — el) < max.

view AstrstrList mm pat str: astr_mismatch->string->string->(int list)
Return the match positions (using approximate pattern matching)
of a pattern as a list of int.
The type astr_mismatch is the tuple (int * bool * bool * bool) where
the int value is the maximum number of errors allowed, and the bool
values are flags to permit the error types: insertion, deletion,
and substitution, respectively.

Fig. 1. View functions used in the view design for detecting putative gene regulatory
sites.

We develop a simple, original method, based on views. Testing the method
on B.subtilis c”-dependent promoter sequences taken from [5], our method was
able to rediscover the same results, as well as other candidates for 2-block motifs.

We started by modeling the 2-block motif for regulatory sites as consisting
of three components: the motif pattern (a string pattern, with possible mis-
matches), the gap width of these patterns (how far apart they can be), and their
positions (distance in base pairs from the beginning of the coding sequence). We
construct a function with the following design (the representation is omitted):

# let orig pos len g_min g_max mml mm2 patl pat2 str =
ListDistAnd g_min g_max
(AstrstrList mml patl (Substring pos len str))
(AstrstrList mm2 pat2 (Substring pos len str));;
val orig : int -> int -> float -> float -> astr_mismatch ->
astr_mismatch -> string -> string -> string -> bool = <fun>

The explanations for the view functions used are given in Figure [l The ar-
guments except str are parameters, and when all the parameters are applied, a
function of type string->bool is generated, returning true if a certain 2-block
motif appears for a given string, and false otherwise. To look for good param-
eters, we take a supervised learning approach and randomly selected genes of
B.subtilis not included in the original dataset, from the GenBank database [24],
as negative data. The score of each view is based on its accuracy as a classifica-
tion function that interprets whether or not an input sequence has the motifs.
We looked at several top ranking views in order to evaluate them.

Numerous iterations with different search spaces yielded some interesting
results. Selected results are shown in Figure 2l By limiting the search space
by using knowledge obtained from previous work, we were able to come up
with views vl and v2 where the 2-block motifs were consistent or were the
same with “TTGACA” and “TATAAT” as detected in [BIT]. We also ran the
experiments with a wider range of parameters, and found a view v3, that could
perfectly discriminate the positive and negative examples. Although a biological
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vl: (str . ListDistAnd 20 30
(AstrstrList (2,false,false,true) "ttgtca" (Substring -40 35 str))
(AstrstrList (2,false,false,true) "tataat" (Substring -40 35 str)))
true positive 102 false negative 40 71.8 %
false positive 0 true negative 142 100.0 %
v2: (str . ListDistAnd 20 30
(AstrstrList (2,false,false,true) "ttgaca" (Substring -40 35 str))
(AstrstrList (2,false,false,true) "tataat" (Substring -40 35 str)))
true positive 100 false negative 42 = 70.4 %
false positive 0 true negative 142 = 100.0 %
v3: (str . ListDistAnd 25 35
(AstrstrList (3,false,false,true) "atgatc" (Substring -50 65 str))
(AstrstrList (2,false,false,true) "gttata" (Substring -50 65 str)))
true positive 142 false negative O = 100.0 %
false positive 0 true negative 142 = 100.0 %

Fig. 2. Representations of the results of our method to find regulatory sites.

interpretation must follow for the result to be meaningful, we were successful in
finding a candidate for a novel result.

In this kind of experiment, VML can help the expert in the following way:
Although the views are sorted by some score, it is difficult to check the validity
of a view according to the score: i.e., a valuable view will probably have a high
score, but a view with a high score may not be valuable. In the evaluation stage,
there is a need for the expert to look at the many different views with adequately
high scores, and see what kind of parameters were used to generate the view.
This could be written easily in VML since it would be just to obtain and display
the representations of high scoring functions.

4.2 Characterization of N-Terminal Sorting Signals of Proteins

Proteins are composed of amino acids, and can be regarded as strings consisting
of an alphabet of 20 characters. Most proteins are first synthesized in the cytosol,
and carried to specified locations, called localization sites. In most cases, the
information determining the subcellular localization site is represented as a short
amino acid sequence segment called a protein sorting signal [17]. Given an amino
acid sequence, predicting where the protein will be carried to is an important
and difficult problem in molecular biology. Although numerous signal sequences
have been found, similarities between these sequence for the same localization
site are not yet fully understood. Our aim was to come up with a predictor which
could challenge TargetP [B], the state-of-the-art neural network based predictor,
in terms of prediction accuracy while not sacrificing the interpretability of the
classification rule.

Data available from the TargetP web-site [28] was used, consisting of 940
sequences containing 368 mTP (mitochondrial targeting peptides), 141 c¢TP
(chloroplast transit peptides), 269 SP (signal peptides), and 162 “Other” se-
quences. The general approach was to: discuss with an expert on how to design
the views, conduct computational experiments with those view designs, present
results to the expert as feedback, and then repeat the process.
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We first considered binary classifiers, which distinguishes sequences of a cer-
tain signal. The entity set is the set of amino acid sequences. The views we look
for are of type string -> bool: for an amino sequence, return a Boolean value,
true if the sequence contains a certain signal, and false if it does not. The views
we designed (in time order) can be written in VML as follows (the meanings of
each view function is given in Figure [3):

# let hl pat mm ind pos len str =
Astrstr mm pat (AlphInd ind (Substring pos len str));;
val hl : string -> astr_mismatch -> (char -> char) -> int ->
int -> string -> bool = <fun>::(pat mm ind pos len str .
Astrstr mm pat (AlphInd ind (Substring pos len str))

# let h2 thr ind pos len str =

GT (Average (AAindex ind (Substring pos len str))) thr;;
val h2 : float -> string -> int -> int -> string ->

bool = <fun>::(thr ind pos len str .

GT (Average (AAindex ind (Substring pos len str))) thr

# let h3 thr aaind posl lenl pat mm alphind pos2 len2 str =
And (hl pat mm alphind posl lenl str)
(h2 thr aaind pos2 len2 str);;

val h3 : float -> string -> int -> int -> string ->
astr_mismatch -> (char -> char) -> int -> int -> string ->
bool = <fun>::(thr aaind posl lenl pat mm
alphind pos2 len2 str . And (hl pat mm alphind posl lenl str)

(h2 thr aaind pos2 len2 str)

Notice that after applying all the arguments except for the last string, we can
obtain functions of type string -> bool as desired. For example, using view
function h2, we can create a view function of type string -> bool:

# let £ = h2 3.5 "BIGC670101" 5 20;;
val £ : string -> bool =
<fun>::(str .(GT (Average (AAindex "BIGC670101"
(Substring 5 20 str)) 3.5)))

Each function is composed of view functions, so representation of such a function
will contain information of the arguments. The representation of the above rule
can be read as: “For a given amino acid sequence, first, look at the substring of
length 20, starting from position 5. Then, calculate the average volumd? of the
amino acids appearing in the substring, and return true if it the value is greater
than 3.5, false otherwise”.

The task is now to find good parameters which defines a function that can
accurately distinguish the signals. For each view design, a wide range of param-
eters were applied. For each combination of parameters and view design shown

2 “BIGC670101” is the accession id for amino acid index: ‘volume’.
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view Substring pos len str : int -> int -> string -> string
return substring: [pos,pos+len-1] of str. A negative value for pos
means to count from the right end of the string.

view AlphInd ind str : (char -> char) -> string -> string
convert str according to alphabet indexing ind. ind is a mapping of
char->char, called an alphabet indezing [19], and can be considered
as a classification of the characters of a given alphabet.

view Astrstr mm pat str : astr_mismatch -> string -> string -> bool
approximate pattern matching[22]]: match pat & str with mismatch mm.
Type ‘astr mismatch’ is explained in Figure [].

view AAindex ac str : string -> string -> (float array)
convert str to an array of float according to amino acid index: ac.
ac is an accession id of an entry in the AAindex databasel(7]l. Each
entry in the database represents some biochemical property of amino
acids, such as volume, hydropathy, etc., represented as a mapping of
char -> float.

view Average v : float array -> float
the average of the values in v

view GT x y : ’a -> ’a -> bool
greater than

view And x y : bool -> bool -> bool
Boolean ‘and’

Fig. 3. View functions used in the view design to distinguish protein sorting signals.

above, we obtain a function: string->bool. The programmer need not worry
about keeping track of the meanings of each function, because the representation
may be consulted using the vmatch statement when needed. We apply all the
protein sequences to this function, and calculate the score of this function as a
classifier of a certain signal. Functions with the best scores are selected.

View design hi, looks for a pattern over a sequence converted by a classifi-
cation of an alphabet [I9]. We hoped to find some kind of structural similarities
of the signals with this design, but we could not find satisfactory parameters
which would let h1 predict the signals accurately. Next, we designed a new view
h2 which uses the AAindex database [7], this time looking for characteristics of
the amino acid composition of a sequence segment. This turned out to be very
effective, especially for the SP set, and was used to distinguish SP from the other
signals. For the remaining signals, we tried combining h1 and h2 into h3. This
proved to be useful for distinguishing the “Other” set (those which do not have
N-terminal signals), from mTP and c¢TP. We can see that the functional nature
of VML enables the easy construction of the view designs.

By combining the views and parameters thus obtained for each signal type
into a single decision list, we were able to create a rule which competes fairly
well with TargetP in terms of prediction accuracy. The scores of a 5-fold cross-
validation is shown in Table[Il The knowledge encapsulated in the view design
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Table 1. The Prediction Accuracy of the Final Hypothesis (scores of TargetP [3] in
(tpXtn—fpX fn)

n)(tp+fp) (tn+fp)(tn+fn)
fn are the number of true positive, true negative, false positive, and false negative,

respectively (Matthews correlation coefficient (MCC) [1H]).

where tp, tn, fp,

parentheses) The score is defined by: Tarr
D

True 7 of Predicted category .

category|seqs cTP mTP SP Other Sensitivity ~ MCC

cTP 141 | 96 (120) 6 (14) 0(2) 19 (5) 0.68 (0.85) 0.64 (0.72)

mTP 368 | 25 (41) 309 (300) 4 (9) 0 (18) |0.84 (0.82) 0.75 (0.77)

SP 269 6 (2) 9 (7) 244 (245) 0 (15) ]0.91 (0.91) 0.92 (0.90)

Other 162 8 (10) 7 (13) 2(2) 135 (137) 0.83 (0.85) 0.71 (0.77)
Specificity |0.71 (0.69) 0. 86 (0.90) 0.98 (0.96) 0.70 (0.78)

was consistent with widely believed (but vague) characteristics of each signal,
and the expert was surprised that such a simple rule could describe the sorting
signals with such accuracy. A system called iPSORT was built based on these
rules, and an experimental web service is provided at the iPSORT web-site [26].

vmatch can be useful in the following situation: After obtaining a good view
of design h2, we may want to see if we can find a good view of design hi, but
use the same substring sequence as h2. This can be regarded as first looking for
a segment which has a distinct amino acid composition, and then looking closer
at this segment, to see if structural characteristics of the segment can be found.
This function can be written as:

# let newh f = vmatch f with
GT (Average (AAindex _ (Substring p 1 _))) _ -
fun pat mm ind str -> hl pat mm ind p 1 str;;
val newh : ’_a -> string -> astr_mismatch -> (char -> char)
-> string -> bool = <fun>

If the representation of a function h was for example:
(str . GT (Average (AAindex ind (Substring 3 16 str))) 3.5)
then, the representation of (newh h) would become:

(pat mm ind str .
(Astrstr mm pat (AlphInd ind (Substring 3 16 str))))

representing a function of design h1, but using the parameters of h of view design
h2 for Substring. Again, we need not worry about explicitly keeping track of
what values were applied to h2 to obtain h, since it is implicitly remembered and
can be extracted by the vmatch keyword. Thus, we have seen that the design
and manipulation of views can be done easily with VML, and would assist the
trial-and-error cycle of the experiments.
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5 Discussion

5.1 Implementation

In the C++4 library, each view function is encapsulated in an instance of a
class derived from the wview class. The view class has a method for interpreting
the value for an entity. Constructors for various derived classes can take other
instances of view classes as arguments. The view class also has a method which
returns the view classes which were used to build the instance (a facility for
simulating vmatch, for decomposing the functions). However, after spending
much time in development, we came to feel that C+-+ was error prone and rather
tedious to code the view functions. Also, although the view classes encapsulate
functions, the function itself could not be easily reused for other purposes.

For the points mentioned above, we can safely say that VML is advantageous
over our C++ library. However, an efficient implementation of VML, which is
beyond the scope of this paper, is a topic of interest. The implementation given
in [20] uses the Camlp4 preprocessor (and printer) [23], which converts a VML
program (with a different syntax from this paper) into an OCaml program, and
it may be the case that there are optimizations that can be performed by a
dedicated compiler.

5.2 Conclusion

We presented the concept of a language called VML, as an extension of the Ob-
jective Caml language. The advantages of VML are: 1) Since VML is a functional
language, the composition and application of views can be done in a natural way,
compared to imperative languages. 2) By defining the unit of knowledge as views,
the programmer does not need to explicitly keep track of how each individual
view was designed (i.e. manage data structures to remember the set of param-
eters). 3) The programmer can use “parts” of a good view which can only be
determined perhaps at runtime, and apply it to another (the example in Section
[4.2). 4) In an interactive interface, (i.e. a VML interactive interpreter), the user
can compose and decompose views and view designs, and apply them to data.
When the user accidently stumbles upon an interesting view, he/she can retrieve
the design immediately.

Using VML, we modeled and described successful knowledge discovery tasks
which we have actually experienced, and showed that the points noted above
can lighten the burden of the programmer, and as a result, give way to speed-
ing up the iterative trial-and-error cycle of computational knowledge discovery
processes.
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Abstract. The Symposium on Computational Discovery of Communi-
cable Knowledge was held from March 24 to 25, 2001, at Stanford Uni-
versity. Fifteen speakers reviewed recent advances in computational ap-
proaches to scientific discovery, focusing on their discovery tasks and
the generated knowledge, rather than on the discovery algorithms them-
selves. Despite considerable variety in both tasks and methods, the talks
were unified by a concern with the discovery of knowledge cast in for-
malisms used to communicate among scientists and engineers.

Computational research on scientific discovery has a long history within both
artificial intelligence and cognitive science. Early efforts focused on reconstruct-
ing episodes from the history of science, but the past decade has seen similar
techniques produce a variety of new scientific discoveries, many of them leading
to publications in the relevant scientific literatures. Work in this paradigm has
emphasized formalisms used to communicate among scientists, including numeric
equations, structural models, and reaction pathways.

However, in recent years, research on data mining and knowledge discovery
has produced another paradigm. Even when applied to scientific domains, this
framework employs formalisms developed by artificial intelligence researchers
themselves, such as decision trees, rule sets, and Bayesian networks. Although
such methods can produce predictive models that are highly accurate, their
outputs are not stated in terms familiar to scientists, and thus typically are not
very communicable.

To highlight this distinction, Pat Langley organized the Symposium on Com-
putational Discovery of Communicable Knowledge, which took place at Stanford
University’s Center for the Study of Language and Information on March 24 and
25, 2001. The meeting’s aim was to bring together researchers who are pursuing
computational approaches to the discovery of communicable knowledge and to
review recent advances in this area. The primary focus was on discovery in sci-
entific and engineering disciplines, where communication of knowledge is often
a central concern.

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 45-[49] 2001.
© Springer-Verlag Berlin Heidelberg 2001
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Each of the 15 presentations emphasized the discovery tasks (the problem
formulation and system input, including data and background knowledge) and
the generated knowledge (the system output). Although artificial intelligence
and machine learning traditionally focus on differences among algorithms, the
meeting addressed the results of computational discovery at a more abstract
level. In particular, it explored what methods for the computational discovery
of communicable knowledge have in common, rather than the great diversity of
methods used to that end.

The commonalities among methods for communicable knowledge discovery
were summarized best by Raul Valdés-Pérez in a presentation titled A Recipe for
Designing Discovery Programs on Human Terms. The key step in his recipe was
identifying a set of possible solutions for some discovery task, as it is here that
one can adopt a formalism that humans already use to represent knowledge.
Valdés-Pérez viewed computational discovery as a problem-solving activity to
which one can apply heuristic-search methods. He illustrated the recipe on the
problem of discovering niche statements, i.e., properties of items that make them
unique or distinctive in a given set of items.

The knowledge representation formalisms considered in the different pre-
sentations were diverse and ranged from equations through qualitative rules to
reaction pathways. Most talks at the symposium fell within two broad cate-
gories. The first was concerned with equation discovery in either static systems
or dynamic ones that change over time. The second addressed communicable
knowledge discovery in biomedicine and in the related fields of biochemistry and
molecular biology.

One formalism that scientists and engineers rely on heavily is equations.
The task of equation discovery involves finding numeric or quantitative laws,
expressed as one or more equations, from collections of measured numeric data.
Most existing approaches to this problem deal with the discovery of algebraic
equations, but recent work has also addressed the task of dynamic system iden-
tification, which involves discovering differential equations.

Takashi Washio from Osaka University presented a talk about Conditions on
Law Equations as Communicable Knowledge, in which he discussed the condi-
tions that equations must satisfy to be considered communicable. In addition to
fitting the observed data, these include generic conditions and domain-dependent
conditions. The former include objectiveness, generality, and reproducibility, as
well as parsimony and mathematical admissibility with respect to unit dimen-
sions and scale type constraints.

Kazumi Saito from Nippon Telegraph and Telephone and Mark Schwabacher
from NASA Ames Research Center presented two related applications of compu-
tational equation discovery in the environmental sciences, both concerned with
global models of the Earth ecosystem. Saito’s talk on Improving an Ecosys-
tem Model Using Earth Science Data addressed the task of revising an existing
quantitative scientific model for predicting the net plant production of carbon
in the light of new observations. Schwabacher’s talk, Discovering Communicable
Scientific Knowledge from Spatio-Temporal Data in Earth Science, dealt with
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the problem of predicting from climate variables the Normalized Difference Veg-
etation Index, a measure of greenness and a key component of the previous
ecosystem model.

Four presentations discussed the task of dynamic system identification, which
involves identifying the laws that govern behavior of systems with continuous
variables that change over time. Such laws typically take the form of differen-
tial equations. Two of these talks described extensions to equation discovery
methods to address system identification, whereas the other talks reported work
that began with methods for system identification and incorporated artificial
intelligence techniques that take advantage of domain knowledge.

Saso Dzeroski from the Jozef Stefan Institute, in his talk on Discovering Or-
dinary and Partial Differential Equations, gave an overview of computational
methods for discovering both ordinary and partial differential equations, the
second of which describe dynamic systems that involve change over several di-
mensions (e.g., space and time). Ljupco Todorovski, from the same research
center, discussed an approach that uses domain knowledge to aid the discov-
ery process in his talk, Using Background Knowledge in Differential Equations
Discovery. He showed how knowledge in the form of context-free grammars can
constrain discovery in the domain of population dynamics.

Reinhard Stolle, from Xerox PARC, spoke about Communicable Models and
System Identification. He described a discovery system that handles both struc-
tural identification and parameter estimation by integrating qualitative reason-
ing, numerical simulation, geometric reasoning, constraint reasoning, abstrac-
tion, and other mechanisms. Matthew Easley from the University of Colorado,
Boulder, reported extensions to Stolle’s framework in his presentation, Incor-
porating Engineering Formalisms into Automated Model Builders. His approach
relied on input-output modeling to plan experiments and using the resulting
data, combined with knowledge at different levels of abstraction, to construct a
differential equation model.

The talk by Feng Zhao from Xerox PARC, Structure Discovery from Massive
Spatial Data Sets, described an approach to analyzing spatio-temporal data that
relies on the notion of spatial aggregation. This mechanism generates summary
descriptions of the raw data, which it characterizes at varying levels of detail.
Zhao reported applications to several challenging problems, including the inter-
pretation of weather data, optimization for distributed control, and the analysis
of spatio-temporal diffusion-reaction patterns.

The rapid growth of biological databases, such as that for the human genome,
has led to increased interest in applying computational discovery to biomedicine
and related fields. Five presentations at the symposium focused on this general
area. They covered a variety of discovery methods, including both propositional
and first-order rule induction, genetic programming, theory revision, and ab-
ductive inference, with similar breadth in the biological discovery tasks to which
they were applied.

Bruce Buchanan and Joseph Phillips, from the University of Pittsburgh, gave
a presentation titled Introducing Semantics into Machine Learning. This focused
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on their incorporation of domain knowledge into rule-induction algorithms to let
them find interesting and novel relations in medicine and science. They reviewed
both syntactic and semantic constraints on the rule discovery process and showed
that stronger forms of background knowledge increase the chances that discov-
ered rules are understandable, interesting, and novel.

Stephen Muggleton from York University, in his talk Knowledge Discovery
in Biological and Chemical Domains, described his application of first-order rule
induction to predicting the structure of proteins, modeling the relations between
a chemical’s structure and its activity, and predicting a protein’s function from its
structure (e.g., identifying precursors of neuropeptides). Knowledge discovered
in these efforts has appeared in journals for the respective scientific areas.

John Koza from Stanford University presented Reverse Engineering and Au-
tomatic Synthesis of Metabolic Pathways from Observed Data. His approach uti-
lized genetic programming to carry out search through a space of metabolic
pathway models, with search directed by the models’ abilities to fit time-series
data on observed chemical concentrations. The target model included an internal
feedback loop, a bifurcation point, and an accumulation point, suggesting the
method can handle complex metabolic processes.

The presentation by Pat Langley, from the Institute for the Study of Learn-
ing and Expertise, addressed Knowledge and Data in Computational Biological
Discovery. He reported an approach that used data on gene expressions to revise
a model of photosynthetic regulation in Cyanobacteria previously developed by
plant biologists. The result was an improved model with altered processes that
better explains the expression levels observed over time. The ultimate goal is an
interactive system to support human biologists in their discovery activities.

Marc Weeber from the U.S. National Library of Medicine reported on a quite
different approach in his talk on Literature-based Discovery in Biomedicine. The
main idea relies on utilizing bibliographic databases to uncover indirect but
plausible connections between disconnected bodies of scientific knowledge. He
illustrated this method with a successful example of finding potentially new
therapeutic applications for an existing drug, thalidomide.

Sakir Kocabas, from Istanbul Technical University, talked about The Role
of Completeness in Particle Physics Discoveries, which dealt with a completely
different domain. He described a computational model of historical discovery
in particle physics that relies on two main criteria — consistency and complete-
ness — to postulate new quantum properties, determine those properties’ values,
propose new particles, and predict reactions among particles. Kocabas’ system
successfully simulated an extended period in the history of this field, including
discovery of the neutrino and postulation of the baryon number.

At the close of the symposium, Lorenzo Magnani from the University of Pavia
commented on the presentations from a philosophical viewpoint. In particular,
he cast the various efforts in terms of his general framework for abduction, which
incorporates different types of explanatory reasoning. The gathering also spent
time honoring the memory of Herbert Simon and Jan Zytkow, both of whom
played seminal roles in the field of computational scientific discovery.
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Further information on the symposium is available at the World Wide Web
page http://www.isle.org/symposia/comdisc.html. This includes informa-
tion about the speakers, abstracts of the presentations, and pointers to publi-
cations related to their talks. Slides from the presentations can be found at the
Web page http://math.nist.gov/~JDevaney/CommKnow/. Saso Dzeroski and
Ljupco Todorovski are currently editing a book based on the talks given at the
symposium. Information on the book will appear at the symposium page and
the first author’s Web page as it becomes available.
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1 Introduction

Data Mining or Knowledge Discovery in Databases (KDD) is a field of increasing
interest with strong connections with several research areas such as databases,
machine learning, and statistics. It aims at finding useful information from large
masses of data; see [5]. One of the most relevant subroutines in applications of
this field is finding frequent itemsets within the transactions in the database. This
task consists of finding highly frequent itemsets, by comparing their frequency
of occurrence within the given database with a given parameter ¢. This problem
can be solved by the well-known Apriori algorithm [2].

The Apriori algorithm is a method of searching the lattice of itemsets with
respect to itemset inclusion. The strategy starts from the empty set and scans
itemsets from smaller to larger in an incremental manner. The Apriori algorithm
uses this strategy to effectively prune away a substantial number of unproductive
itemsets.

The frequent sets that result from this task can be used then to discover
association rules that have support and confidence values no smaller than the
user-specified minimum thresholds [I], or to solve other related Knowledge Dis-
covery problems [7]. We do not discuss here how to form association rules from
frequent itemsets, nor any other application of these; but focus on the perfor-
mance of that very step, finding highly frequent patterns, whose complexity
dominates by far the computational cost of many such applications.

Here we considered the case where each transaction of the database is a
binary-valued function of the attributes. The difference with the itemsets view
is that now we look for patterns where the non-occurrence of an item is important
too. This is formalized in terms of partial functions, which, on each item, may
include it (value 1), exclude it (value 0), or not to consider it (undefined).

It was noticed in [6] that essentially the same algorithms, with the same “a
priori” pruning strategies, can be applied to many other settings in which one
looks for a certain theory on a certain formal language according to a certain
predicate that is monotone on a generalization/specialization relation. In par-
ticular, our setting with binary-valued attributes falls into this category, and
actually there exist implementations of the Apriori algorithm that solve the
problem for the setting where each transaction is actually a function. Thus, they
can be used to solve the problem of finding partial functions whose frequency is
over some threshold.

However, it is known that direct use of these algorithms on real life data
frequently come up with extremely large numbers of frequent sets consisting
“only of zeros”; for example, in the prototypical case of market basket data,
certainly the number of items is overwhelmingly larger than the average number
of items bought, and this means that the output of any frequent sets algorithm
will contain large amounts of information of the sort “most of the times that
scotch is not bought, bourbon is not bought either, with large support”. If such
negative information is not desired at all, the original Apriori version can be
used; but there may be cases where limited amounts of negative information
are deemed useful, for instance looking for alternative products that can act
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as mutual replacements, and yet one does not want to be forced into a search
through the huge space of all partial functions. We are interested in producing
algorithms that will provide frequent “itemsets” that have “missing” products,
but in a controlled manner, so that they are useful when having some missing
products in the itemsets is important but not so much as the products that are
in the itemsets.

Here we develop a variant of the Apriori algorithm that, if supplied with a
limit k£ on the maximum number of negated attributes desired in the output
frequent sets, will take advantage of this fact, and produce frequent itemsets for
which this limit is obeyed. Of course, it does so in a much more efficient way
than just applying Apriori and discarding the part of the output that does not
fulfill this condition. First, because the exploration is organized in a way that
naturally reflects the condition on the output. Second, because we know that
items may be, or not be, in each itemset, but not both implies complementar-
ity relationships between the frequencies of “itemsets” that contain, or do not
contain, a given item. We use these relationships to find out frequencies of some
“itemsets” without actually counting them, thus saving computational work.

2 Preliminaries

Now, we give the concepts that we will use along the paper. We consider a
database 7 = {t1,... ,tn} with N rows over a set R = {4;,...,A,} = {4 :
i € T} of binary-valued attributes, that can be seen as either items or columns;
actually they just serve as a visual aid for their index set I = {1,... ,n}.

Each row, or transaction, maps R into {0,1}. For A € R, we also write A € t;
for t;(A) = 1 and, departing from standard use, A € t; for ¢;(A) = 0. Obviously,
A €ty or A € t; but not both. The database is actually a multiset of transactions.
Each transaction has a unique identifier.

As for partial functions, they map a subset of R into {0,1}; those that are
defined for exactly ¢ attributes are called /-itemsets. The goal of our algorithm
will be to find frequent itemsets with any number of attributes mapped to 0
and any number of attributes mapped to 1; but in some specific order. Our
notation for these partial functions is as follows. For p € P(I) and s € P(I — p),
(sNp = ) we denote the subset AP* and identify it with the partial function
mapping the subset A? = {A; : i € p} to 1, the subset A®* = {4, : j € s} to
0 and undefined on the rest. Itemsets AP*® are called k-negative itemsets where
|s| =k, k=0,...,n. If |s| = 0 then we have the positive itemset AP,

We identify partial functions defined on a single attribute A;, namely, AR
or A%} with the corresponding symbol Aj or A; respectively. A transaction
can be seen as a total function. An itemset can be seen as a partial function.
If the partial function can be extended to the total function corresponding to
a transaction then we say that an itemset is a subset of a transaction and we
employ the standard symbol C for this case.

The support of an itemset (or partial function) is defined as follows.
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Definition 1. Let R = {A;,...,A,} = {A; : i € I} be a set of n items and
let T = {t1,...,tn} be a database of transactions as before. The support or
frequency of an itemset A is the ratio of the number of transactions on which it
occurs as a subset to the total number of transactions. Therefore:

{teT:ACH)

fri4) =

Given a user-specified minimum support value (denoted by o), we say than
an itemset A is frequent if its support is more than the minimum support, i.e.
fr(A) > o.

We introduce a natural structure in the itemset space by placing them into
“floors” and “levels”. The floor k contains the itemsets with k negative at-
tributes. In each floor, the itemsets are organized in levels (as usual): the level is
the number of the attributes of the itemset. Thus, in floor zero we place positive
itemsets, ordered by itemset inclusion (or equivalently, index set inclusion); in
the first floor we place all itemsets with one attribute valued to 0, organized
similarly, and related similarly to the itemsets in floor zero. In floor k we place
all the itemsets with k attributes valued to 0, organized levelwise in the standard
way, and related similarly to the itemsets in other floors.

Thus we are considering the order relation defined as follows:

Definition 2. Forp € P(I), s € P(I —p), g € P(I), and t € P(I — q), given
partial functions X = AP® and Y = A%, we denote by X < Y the fact that
pCqands Ct.

With respect to this relation, the property of having frequency larger than
any threshold is antimonotone, since X < Y implies fr(X) > fr(Y). Thus,
whenever an itemset is not frequent enough, neither is any of its extensions,
and this fact allows one to prune away a substantial number of unproductive
itemsets. Therefore, frequent sets algorithms can be applied rather directly to
this case. Our purpose now is to aim at a somewhat more refined algorithm.

Now, we give a simple example to show the structure of the itemset space.
This example will be useful to describe the frequent itemset candidate generation
and the path that follows our algorithm for it.

Example: Let R = {4, B,C, D} be the set of four items. In this case, we
use four floors to represent the itemsets with any number of negative attributes
and any number of positive attributes. In each rectangle, the pair (f, ¢) indicates
the floor f (number of negative attributes in the itemsets of this rectangle) and
level ¢ (cardinality of the itemsets of this rectangle). See figure [T

3 Algorithm Bounded-neg-Apriori

Our algorithm performs the same computations as Apriori on the zero floor,
but then uses the frequencies computed to try to reduce the computational
effort spent on 1-negative itemsets. This process goes on along all floors. Overall,
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ABCD ABCD,.... ABCD,..... ABCD...... ABCD
0,4) (1,4) 2,4) (3,4) 4,4)
ABC, BCD,...... ABD,..... ABD,..... BCD,.....
0,3) (1,3) 2,3) (3,3)
AB, BC,CD,...... AB,.... BD,...
0,2) (1,2) 2,2)
A,B,C.D 4,B,C.D
0,1) (1,1
%)
(0,0)

Fig. 1. The structure of the itemset space

bounded-neg-Apriori can be seen as a refinemet of Apriori in which the explicit
evaluation of the frequency of k-negative itemsets is avoided, since it can be
obtained from some itemsets of the previous floor, if they are processed in the
appropriate order.

We use a number of very easy properties of the frequencies. Of course all of
the frequencies are real numbers in [0, 1].

Proposition 1. Let p € P(I) be arbitrary, and s € P(I — p) with |s| > 1.

1. For each j € s, fr(AP®) = fr(Ars—{i}) — fr(APPUhs—{i}) and,
fr(A®?) =1 _ o
2. AP s frequent iff 35 € s, fr(AP*—U}) > o 4 fr(APPUHs—Uh),

Remark 1: Each of the up to |s|-many ways of decomposing fr(AP:®) in part
1 leads to the same result: if fr(AP*~{1}) < o, for any j € s, then AP® is not
frequent.

We will also use the following easy properties regarding the relation of the
threshold o to the value one-half. They allow for some extra pruning to be
done for quite high frequency values (although this case might be infrequently
occurring in practice).

Proposition 2. Let p € P(I) be arbitrary, and s € P(I — p), arbitrary for

statements not depending on p.

1. |fr(A;) — 05| < |o — 0.5] < |fr(4;) — 0.5] < |o — 0.5]. B

2. If 0 < 0.5 then fr(4;) <o = fr(4;) >0 and fr(4;) >1 -0 & fr(4;) <
.

3. If o > 0.5 then fr(4A;) > o = fr(4;) <o and fr(4;) <1-o < fr(4;) >
.

4. Vj€s,ifo>05 and fr(AP*—1}) > o + fr(APYIHs=Uh) then
fr(APATls—i}) < g d.e. in this case APPUHs=UY gs not frequent.

Remark 2 If ¢ > 0.5 and 3j € s / fr(APY1Uhs={i}) > 5 then AP is not frequent.
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3.1 Candidate Generation

Moving to the next round of candidates once all frequent /-itemsets have been
identified corresponds to moving up, in all possible ways, one step within the
same floor, and climbing up in all possible ways to the next floor.

More formally, at the floor zero, frequent set AP? leads to consideration as
potential candidates of the following itemsets: all A%? where ¢ = pU {i} and all
APA3Y for j ¢ p. Also, itemset AU} would lead to A%{7} for ¢ = p U {3}, for
i ¢ p and i # j; our algorithm does not use this last sort of steps.

In the other floors the movements are in the same form. For all p € P(I) and
s # (), from AP* we can climb up to the next floor to AP' where t = s U {j},
for j € P(I —{sUp}). Also, itemset AP-* would lead to A?® for ¢ = pU {3}, for
i ¢ pandié¢ s but we will not use such steps either.

Therefore the scheme of the search of frequent itemsets with k 0-valued at-
tributes (i.e. in the floor k) is based on the following: whenever enough fre-
quencies in the previous floor are known to test it, if fr(Ap’S*{j}) > o+
fr(APPUhs={i}) where j € s, then we know fr(AP*) > o so that it can be
declared frequent; moreover, for o > 0.5 this has to be tested only when that
APYhs={7} turned out to be nonfrequent although A?*~{7} was frequent.

Example: Let us turn our atention again to the example. Let us suppose
that o < 0.5; we explain the process of candidate generation and the path that
our algorithm follows for it. Suppose that the maximal itemsets to be found are
ABC, ABC, and AB. Thus, A, B, C are frequent items, and also B and C are
frequent 'negative items’. At the initialization, we find that D, A, and D cannot
appear in any frequent itemset. The algorithm stores this information by means
of the set I (defined later). In the following step, we take into consideration
as potential candidates, firstly the itemsets in (0,2), secondly in (1,2), and at
last, in (2,2) that verify the conditions. There we find the frequent itemsets are
AB, AC, BC, AB, AC, BC. At this moment, we know that there do not exist
frequent itemsets in (2, 2). So, there will not exist frequent itemsets in (f,£) with
f>2,0>2and ¢ > f. This information is used in the algorithm by means
of the set J (defined later) to refine the search of candidate generation. In the
following step we scan for frequent itemsets in (0,3) and (1,3) and ABC, ABC
are frequent itemsets, and the exploration of the next level proves that, together
with AB, they are the maximal frequent itemsets. Along the example it is clear
how the algorithm would proceed in case we are given a bound on the number
of negative attributes present: this would just discard floors that do not obey
that limitation.

3.2 The Algorithm

Now, we present the algorithm in a more precise form. The algorithm has as
input the set of attributes, the database, and the threshold ¢ on the support.
The output of the algorithm is the set of all frequent itemsets with negative and
positive itemsets. Also, a similar algorithm can be easily developed to find the
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set of all frequent itemsets with at most k negative attributes: simply impose
explicitly the bound k on the corresponding loop in the algorithm.

Let us consider the symbol f for the floor (that is the number of negative
attributes of the itemset, 0 < f < n) and the symbol ¢ for the level (the number
of the attributes of the itemset 0 < ¢ < n): we will write the sets Cy, and Ly,
for candidates and frequent itemsets respectively. At the beginning we suppose
that all Cyy and Ly, for f <€ < n are empty.

With respect to this notation our algorithm traces the following path:
(0,1),(1,1);(0,2),(1,2),(2,2);(0,3),(1,3),(2,3), (3, 3);, etc (recall to the exam-
ple).

Now, we present the algorithm in a pseudocode style. For clarity, main loops
are commented. After the algorithm we included additional comments about
some instructions that improve the search of frequent itemsets.

Algorithm bounded-neg-Apriori

1. set current floor f:=0
set current level £ :=1
“This set is explained after the algorithm”
J:=0
2. “Initially, we find the frequent itemsets with isolated positive attributes”
Ly = {AU Vi e 1/ fr(AUH0) > o}
3. “This is the main loop to climb up floors”
while f </ and ¢ <n do
while Ly, # 0 and f < /¢ and £ <n do
k=f+1
Lyy1:=10
“At this moment we can obtain the frequent itemsets of the upper”
“floors at same level from the itemsets in the previous floor”
“There are two cases according to o”
while £ < /¢ do
if k£ ¢ J then
ij = @
if 0 < 0.5 then (1)
Chyp = {A’”S/Ap’s/ €Ly_14-1,mel—(pUs), s=sU{m},
Vi € p, Ap—{i}ss S Lk,g_l, Vj S S,Ap.,s—{j} € Lk—l,l—l}
else
Cre = {AP*S/AP’S/ € Lp_10-1,mel—(pUs), s=5U{m},
Viep, AP € Loy, Vj€s AP~ e Ly q 4y,
Vi € s, fr(APYibs =ity < 51
fi
Ly = {AP® € Cy 0/ 3j € 5, fr(AP=—1i}) > g 4 fr(APPUbs—{h)}
if Lk7g = (@ then J :=J U {k} fi
fi
if (=1and k=1and L;; # 0 then [ := {i/A{} c [, ,} i (2
set current floor k:=k + 1
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od (while k)
“Selected a floor we look for the frequent itemsets in next level”
“into this floor”
set current level £ :=/+1
J=JU{k+1/ke Jk<n}
if f =0 then
Cpo={APY/Viep, AP0 e Ly 4}
L= {AP? € Cp 4/ fr(AP?) > o}
else
Cf’g = {Ap7S/Vi cp, Apf{i}’s € Lfygfl,
Vj € s, Aps—{i} € Lffl’gfl}
Ly = {AP € Cpof fr(Ar%) > o} (3)
fi
od (while ¢)
“If the maximum level into a floor is reached then we must go over”
“to the next floor at this maximum level”
set current floor f:= f+1
Cﬁg = {AP’S/VZ' € p, Ar—tis S Lﬁg_l,Vj € s, Ar-s—15} S Lf_17g_1}
L= {AP* € Cpy/Fj € s, fr(AP= 1) > o 4 fr(APVUhs—{ih))
od (while f)

4. output U L.
k<t<n

The algorithm refines the search of frequent itemsets by means of the set .J.
In each level, J indicates the floors where no frequent itemsets will exist.
In the sentence labeled (3) the generation of candidates and the computation of
their frequencies must be done by considering ¢ (less or more than 0.5), as in
the instruction labeled (1).

Note that, by the sentence labeled (2), the only negative attributes that could
appear in the candidate itemsets are the elements of L; ;. So, we use this set, as
soon as it is computed, to refine the index set I used later along the computation.

With respect to the complexity of the algorithm, from a theoretical point
of view, two aspects are considered: candidate generation and itemset frequence
computation. In the candidate generation the worst case is reached when the
threshold o is less or equal to 0.5. In this case, two itemsets one of them with a
particular attribute positive and the other itemset with the same attribute neg-
ative can be frequent simultaneously. If ¢ > 0.5 then by remark 2 in proposition
2 the generation is refined. Independtly of the o value the sets I and J refine
the candidate generation. So, the needed requirements can be reduced.

In the itemset frequence computation only itemsets with positive attributes
are computed directly from the database. The frequencies of the other candidate
itemsets with any number of negative attributes are obtained by using proposi-
tion one. Therefore, the number of passes through the database is like in Apriori,
i.e., n+ 1, where n is the greatest frequent itemset.
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4 Conclusions and Future Work

In cases where the absence of some items from a transaction is relevant but one
wants to avoid the generation of many rules relating these absences, it can be
useful to allow for a maximum of k such absences from the frequent sets; even if
no good guess exists for k, it may be useful to organize the search in such a way
that the itemsets with m items show up in the order mandated by how many of
them are positive: first all positive, then m — 1 positive and one negative, and
so on. Our algorithm allows one to do it and takes advantage of a number of
facts, corresponding to relationships between the itemset frequencies, to avoid
the counting of some candidates.

Of course, it makes sense to try to combine this strategy together with other
ideas that have been used together with Apriori, like random sampling to eval-
uate the frequencies, or instead of Apriori, like alternative algorithms such as
DIC [] or Ready-and-Go [3]. Experimental developments, as well as more de-
tailed analyses and a careful formalization of the setting, can lead to improved
results, and we continue to work along these two lines.
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Abstract. The design of algorithms that explore multiple represen-
tation languages and explore different search spaces has an intuitive
appeal. In the context of classification problems, algorithms that
generate multivariate trees are able to explore multiple representation
languages by using decision tests based on a combination of attributes.
The same applies to model trees algorithms, in regression domains,
but using linear models at leaf nodes. In this paper we study where
to use combinations of attributes in regression and classification tree
learning. We present an algorithm for multivariate tree learning that
combines a univariate decision tree with a linear function by means
of constructive induction. This algorithm is able to use decision nodes
with multivariate tests, and leaf nodes that make predictions using
linear functions. Multivariate decision nodes are built when growing
the tree, while functional leaves are built when pruning the tree.
The algorithm has been implemented both for classification problems
and regression problems. The experimental evaluation shows that our
algorithm has clear advantages with respect to the generalization ability
when compared against its components, two simplified versions, and
competes well against the state-of-the-art in multivariate regression and
classification trees.

Keywords: Decision Trees, Multiple Models, Supervised Machine
Learning.

1 Introduction

The generalization ability of a learning algorithm depends on the appropriateness
of its representation language to express a generalization of the examples for the
given task. Different learning algorithms employ different representations, search
heuristics, evaluation functions, and search spaces. It is now commonly accepted
that each algorithm has its own selective superiority [3]; each is best for some
but not all tasks. The design of algorithms that explore multiple representation
languages and explore different search spaces has an intuitive appeal. This paper
presents one such algorithm.

In the context of supervised learning problems it is useful to distinguish
between classification problems and regression problems. In the former the target
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variable takes values in a finite and pre-defined set of un-ordered values, and the
usual goal is to minimize a 0-1-loss function. In the later the target variable
is ordered and takes values in a subset of . The usual goal is to minimize a
squared error loss function. Mainly due to the differences in the type of the target
variable successful techniques in one type of problems are not directly applicable
to the other type of problems.

The supervised learning problem is to find an approximation to an unknown
function given a set of labelled examples. To solve this problem, several methods
have been presented in the literature. Two of the most representative methods
are the General Linear Model and Decision trees. Both methods explore different
hypothesis space and use different search strategies. In the former the goal is to
minimize the sum of squared deviations of the observed values for the dependent
variable from those predicted by the model. It is based on the algebraic theory of
invariants and has an analytical solution. The description language of the model
takes the form of a polynomial that, in its simpler form, is a linear combination
of the attributes: wo + Y w; X x;. This is the basic idea behind linear-regression
and discriminant functions[8]. The latter use a divide-and-conquer strategy. The
goal is to decompose a complex problem into simpler problems and recursively
applying the same strategy to the sub-problems. Solutions of the sub-problems
are combined in the form of a tree. Its hypothesis space is the set of all possible
hyper-rectangular regions. The power of this approach comes from the ability to
split the space of the attributes into subspaces, whereby each subspace is fitted
with different functions. This is the basic idea behind well-known tree based
algorithms [2T3].

In the case of classification problems, a class of algorithms that explore multi-
ple representation languages are the so called multivariate trees [2J20/12J6/11]. In
this sort of algorithms decision nodes can contain tests based on a combination
of attributes. The language bias of univariate decision trees (axis parallel splits)
are relaxed allowing decision surfaces oblique with respect to the axis of the
instance space. As in the case of classification problems, in regression problems
some authors have studied the use of regression trees that explore multiple rep-
resentation languages, here denominated model trees [2[I3II521/18]. But while
in classification problems multivariate decisions appear in internal nodes, in re-
gression problems multivariate decisions appear in leaf nodes. The problem that
we study in this paper is where to use decisions based on combinations of at-
tributes. Should we restrict combinations of attributes to decision nodes? Should
we restrict combinations of attributes to leaf nodes? Could we use combinations
of attributes both at decision nodes and leaf nodes?

The algorithm that we present here is an extension of multivariate trees. It
is applicable to regression and classification domains, allowing combinations of
attributes both at decision nodes and leaves. In the next section of the paper
we describe our proposal to functional trees. In Section 3 we discuss the differ-
ent variants of multivariate models using an illustrative example on regression
domains. In Section 4 we present related work both in the classification and re-
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gression settings. In Section 5 we evaluate our algorithm on a set of benchmark
regression and classification problems. Last Section concludes the paper.

2 The Algorithm for Constructing Functional Trees

The standard algorithm to build univariate trees consists of two phases. In the
first phase a large tree is constructed. In the second phase this tree is pruned
back. The algorithm to grow the tree follows the standard divide-and-conquer
approach. The most relevant aspects are: the splitting rule, the termination
criterion, and the leaf assignment criterion. With respect to the last criterion,
the usual rule consists of assignment of a constant to a leaf node. Considering
only the examples that fall at this node, the constant is usually the majority class
in classification problems or the mean of the y values in the regression setting.
With respect to the splitting rule, each attribute value defines a possible partition
of the dataset. We distinguish between nominal attributes and continuous ones.
In the former the number of partitions is equal to the number of values of the
attribute, in the latter a binary partition is obtained. To estimate the merit
of the partition obtained by a given attribute we use the gain ratio heuristic
for classification problems and the decrease in variance criterion for regression
problems. In any case, the attribute that maximizes the criterion is chosen as
test attribute at this node.

The pruning phase consists of traversing the tree in a depth-first fashion.
At each non-leaf node two measures should be estimated. An estimate of the
error of the subtree above this node, that is computed as a weighted sum of
the estimated error for each leaf of the subtree, and the estimated error of the
non-leaf node if it was pruned to a leaf. If the later is lower than the former, the
entire subtree is replaced to a leaf.

All of these aspects have several and important variants, see for example [2]
14]. Nevertheless all decision nodes contain conditions based on the values of one
attribute, and leaf nodes predict a constant.

2.1 Functional Trees

In this section we present the general algorithm to construct a functional tree.
Given a set of examples and an attribute constructor, the main algorithm used
to build a functional tree is presented in Figure [[l This algorithm is similar to
many others, except in the constructive step (steps 2 and 3). Here a function is
built and mapped to new attributes. There are some aspects of this algorithm
that should be made explicit. In step 2, a model is built using the Constructor
function. This is done using only the examples that fall at this node. Later, in
step 3, the model is mapped to new attributes. Actually, the constructor function
should be a classifier or a regressor depending on the type of the problem. In
the case of regression problems the constructor function is mapped to one new
attribute, the ¢ value predict by the constructor. In the case of classification
problems the number of new attributes is equal to the number of classes. Each
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Function Tree(Dataset, Constructor)

1. If Stop_Criterion(DataSet)
— Return a Leaf Node with a constant value.
2. Construct a model ¢ using Constructor
3. For each example & € DataSet
— Compute § = &(x)
— Extend x with a new attribute §.
4. Select the attribute from both original and all newly constructed attributes that
maximizes some merit-function
5. For each partition ¢ of the DataSet using the selected attribute
— Tree; = Tree(Dataset;, Constructor)
6. Return a Tree, as a decision node based on the select attribute, containing the @
model, and descendents Tree;.

End Function

Fig. 1. Building a Functional Tree

new attribute is the probability that the example belongs to one clasd] given
by the constructed model. The merit of each new attribute is evaluated using
the merit-function of the univariate tree, and in competition with the original
attributes (step 4). The model built by our algorithm has two types of decision
nodes: those based on a test of one of the original attributes, and those based on
the values of the constructor function. When using Generalized Linear Models
(GLM) [16] as attribute constructor, each new attribute is a linear combination
of the original attributes. Decision nodes based on constructed attributes defines
a multivariate decision surface.

Once a tree has been constructed, it is pruned back. The general algorithm to
prune the tree is presented in Figure 2l To estimate the error at each leaf (step 1)
we distinguish between classification and regression problems. In the former we
assume a binomial distribution using a process similar to the pessimistic error of
C4.5. In the latter we assume a 2 distribution of the variance of the cases in it
using a process similar to the y? pruning described in [18]. A similar procedure
is used to estimate the constructor error (step 3). The pruning algorithm pro-
duces two different types of leaves: Ordinary Leaves that predict a constant, and
Constructor Leaves that predict the value of the Constructor function learned
(in the growing phase) at this node.

By simplifying our algorithm we obtain different conceptual models. Two
interesting lesions are described in the following sub-sections.

Bottom-Up Approach. We denote as Bottom-Up Approach to functional trees
when the functional models are used exclusively at leaves. This is the strategy

L At different nodes the system considers different number of classes depending on the
class distribution of the examples that fall at this node.
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Function Prune(Tree)

Estimate Leaf_Error as the error at this node.
If Tree is a leaf Return Leaf_Error.
Estimate Constructor_Error as the error of ¢ 2.
For each descendent 1
— Backed_Up_Error += Prune(Tree;)
5. If argmin(Leaf_Error,Constructor_Error,Backed _Up_Error)
— Is Leaf_Error
e Tree = Leaf
e Tree_Error = Leaf_Error
— Is Model_Error
e Tree = Constructor Leaf
e Tree_Error = Constructor_Error

— Is Backed_Up_Error
e Tree_Error = Backed_Up_Error

6. Return Tree_Error

Ll

End Function

Fig. 2. Pruning a Functional Tree

used for example in M5 [T521], and in NBtree system [10]. In our tree algorithm
this is done restricting the selection of the test attribute (step 4 in the growing
algorithm) to the original attributes. Nevertheless we still build, at each node,
the constructor function. The model built by the constructor function is used
later in the pruning phase. In this way, all decision nodes are based in the original
attributes. Leaf nodes could contain a constructor model. A leaf node contains
a constructor model if and only if in the pruning algorithm the estimated error
of the constructor model is lower than the Backed-up-error and the estimated
error of the node has if a leaf replaced it.

Top-Down Approach. We denote as Top-Down Approach to functional trees
when the multivariate models are used exclusively at decision nodes (internal
nodes). In our algorithm, restricting the pruning algorithm to choose only be-
tween the Backed_Up_Error and the Leaf_Error obtain these kinds of models.
In this case all leaves predict a constant value. This is the strategy used for ex-
ample in systems like LMDT [20], OC1 [12], and LTREE [6].

Functional trees extend and generalize multivariate trees. Our algorithm can
be seen as a hybrid model that performs a tight combination of a univariate
tree and a GLM function. The components of the hybrid algorithm use different
representation languages and search strategies. While the tree uses a divide-and-
conquer method, the linear-regression performs a global minimization approach.
While the former performs feature selection, the later uses all (or almost all)
the attributes to build a model. From the point of view of the bias-variance
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decomposition of the error [I] a decision tree is known to have low bias but high
variance, while GLM functions are known to have low variance but high bias.
This is the desirable behaviour for components of hybrid models.

3 An Illustrative Example

In this section we use the well-known regression dataset Housing to illustrate
the different variants of functional models. The attribute constructor used is the
linear regression function. Figure Bla) presents a univariate tree for the Housing

chltE o\ 4l

Leaf 27143 | | Leaf 2002 | | Leaf 1624

Leaf 21.63 ‘

Leaf 10,63 ‘

Leaf 11.08 ‘

Fig. 3. (a)The Univariate Regression Tree and (b) Top-Down regression tree for the
Housing problem.

dataset. Decision nodes only contain tests based on the original attributes. Leaf
nodes predict the average of y values taken from the examples that fall at the
leaf.

In a top-down multivariate tree (Figure B(b)) decision nodes could contain
(not necessarily) tests based on a linear combination of the original attributes.
The tree contains a mixture of learned attributes, denoted as LR Node, and
original attributes, e.g. AGE, DIS. Any of the linear-regression attributes can
be used both at the node where they have been created and at deeper nodes.
For example, the LR Node 19 has been created at the second level of the tree. It
is used as test attribute at this node, and also (due to the constructive ability)
as test attribute at the third level of the tree. Leaf nodes predict the average
of y values of the examples that fall at this leaf. In a bottom-up multivariate
tree (Figure @(a)) decision nodes only contain tests based on the original at-
tributes. Leaf nodes could predict (not necessarily) values obtained by using a
linear-regression function built from the examples that fall at this node. This is
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Fig. 4. (a)The Bottom-Up Multivariate Regression Tree and (b) The Multivariate Re-
gression Tree for the Housing problem.

the kind of multivariate regression trees that usually appears on the literature.
For example, systems M5 and RT generate this kind of models. Fig-
ure [4|(b) presents the full multivariate regression tree using both top-down and
bottom-up multivariate approaches. In this case, decision nodes could contain
(not necessarily) tests based on a linear combination of the original attributes,
and leaf nodes could predict (not necessarily) values obtained by using a linear-
regression function built from the examples that fall at this node.

Figure Blillustrates the functional models in the case of a classification prob-
lem. We have used the UCI dataset Learning Qualitative Structure Activity Rela-
tionships - QSARs pyrimidines to illustrate the different variants of tree models.
This is a complex two classes problem defined by 54 continuous attributes. The
attribute constructor used is the LinearBayes [3] classifier. In a bottom-up func-
tional tree (Figure[5](a)) decision nodes only contain tests based on the original
attributes. Leaf nodes could predict (not necessarily) values obtained by using
a LinearBayes function built from the examples that fall at this node. Figure
Elb) presents the functional tree using both top-down and bottom-up multivari-
ate approaches. In this case, decision nodes could contain (not necessarily) tests
based on a linear combination of the original attributes, and leaf nodes could
predict (not necessarily) values obtained by using a LinearBayes function built
from the examples that fall at this node.

4 Related Work

Breiman et.al. [2] presents the first extensive and in-depth study of the problem
of constructing decision and regression trees. But, while in the case of decision
trees they consider internal nodes with a test based on linear combination of
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Fig. 5. (a)The Bottom-Up Functional Tree and (b) the Functional Tree for the QSARs
problem.

attributes, in the case of regression trees internal nodes are always based on a
single attribute.

In the context of classification problems, several algorithms have been pre-
sented that could use at each decision node tests based on linear combination of
the attributes [2JT2J20l6]. The most comprehensive study on multivariate trees
has been presented by Brodley and Utgoff in [4]. Brodley and Utgoff discusses
several methods for constructing multivariate decision trees: representing a mul-
tivariate test, including symbolic and numeric features, learning the coefficients
of a multivariate test, selecting the features to include in a test, and pruning
of multivariate decision trees. Brodley only considers multivariate tests at inner
nodes in a tree. In this context few works consider functional tree leaves. One of
the earliest work is the Percepton tree algorithm [19] where leaf nodes may imple-
ment a general linear discriminant function. Also Kohavi[l0] has presented the
naive Bayes tree that uses functional leaves. NBtree is a hybrid algorithm that
generates a regular univariate decision tree, but the leaves contain a naive Bayes
classifier built from the examples that fall at this node. The approach retains the
interpretability of naive Bayes and decision trees, while resulting in classifiers
that frequently outperform both constituents, especially in large datasets. Also,
Gama [7] has presented Cascade Generalization, a method to combine classifi-
cation algorithms by means of constructive induction. The work presented here,
near follows Cascade method but extended for regression domains and allowing
models with functional leaves.

In regression domains, Quinlan [I3] has presented system M5. It builds mul-
tivariate trees using linear models at the leaves. In the pruning phase for each
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leaf a linear model is built. Recently, Witten and Eibe [21] have extended MS5.
A linear model is built at each node of the initial regression tree. All the models
along a particular path from the root to a leaf node are then combined into
one linear model in a smoothing step. Also Karalic [9] has studied the influence
of using linear regression in the leaves of a regression tree. As in the work of
Quinlan, Karalic shows that it leads to smaller models with increase of perfor-
mance. Torgo [17] has presented an experimental study about functional models
for regression tree leaves. Later, the same author [I8] has presented the system
RT. Using RT with linear models at the leaves, RT builds and prunes a regular
univariate tree. Then at each leaf a linear model is built using the examples that
fall at this leaf.

5 Experimental Evaluation

It is commonly accepted that multivariate regression trees should be competitive
against univariate models. In this section we evaluate the proposed algorithm,
its simplified variants, and its components on a set of classification and regres-
sion benchmark problems. In regression problems the constructor is a standard
linear regression function. In classification problems the constructor is the Lin-
earBayes classifier [5]. For comparative proposes we evaluate also system M3,
The main goal in this experimental evaluation is to study the influence in terms
of performance of the position inside a regression and a classification tree of the
linear models. We evaluate three situations:

— Trees that could use linear combinations at each internal node.
— Trees that could use linear combinations at each leaf.
— Trees that could use linear combinations both at each internal and leaf nodes.

All evaluated models are based on the same tree growing and pruning algorithm.
That is, they use exactly the same splitting criteria, stopping criteria, and prun-
ing mechanism. Moreover they share many minor heuristics that individually
are too small to mention, but collectively can make difference. Doing so, the dif-
ferences on the evaluation statistics are due to the differences in the conceptual
model.

In this work we estimate the performance of a learned model using 10 fold
cross validation. To minimize the influence of the variability of the training set,
we repeat this process ten times, each time using a different permutation of the
dataset. The final estimate is the mean of the performance statistic obtained
in each run of the cross validation. For regression problems the performance is
measured in terms of the mean squared error statistic. For classification prob-
lems the performance is measured in terms of the error rate statistic. To apply
pairwise comparisons we guarantee that, in all runs, all algorithms learn and
test on the same partitions of the data. We compare the performance of the

3 We have used M5 from version 3.1.8 of the Weka environment. We have used several
regression systems. The most competitive was M5.
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functional tree (FT) against its components: the univariate tree (UT) and the
constructor function (linear regression (LR) in regression problems, and Lin-
earBayes (LB) in classification problems). The functional tree is also compared
against to the two simplified versions: Bottom-up (FT-B) and Top-Down (FT-T).
For each dataset, comparisons between algorithms are done using the Wilcozon
signed ranked paired-test. The null hypothesis is that the difference between
performance statistics has median value zero. We consider that a difference in
performance has statistical significance if the p value of the Wilcoxon test is less
than 0.01.

5.1 Results in Regression Domains

We have chosen 20 datasets from the Repository of Regression problems at LI-
ACCI. The choice of datasets was restricted by the criteria that almost all the
attributes are ordered with few missing Value The number of examples varies
from 43 to 40768. The number of attributes varies from 5 to 48. The results in
terms of MSE and standard deviation are presented in Table [l The first two
columns refer to the results of the components of the hybrid algorithm. The
following three columns refer to the simplified versions of our algorithm and the
full model. The last column refers to the Mb system. For each dataset, the algo-
rithms are compared against the full multivariate tree using the Wilcozon signed
rank-test. A — (4) sign indicates that for this dataset the performance of the
algorithm was worse (better) than the full model with a p value less than 0.01.
Table[I] presents a comparative summary of the results. The first line presents
the geometric mean of the MSE statistic across all datasets. The second line
shows the average rank of all models, computed for each dataset by assigning
rank 1 to the best algorithm, 2 to the second best and so on. The third line shows
the average ratio of MSE. This is computed for each dataset as the ratio between
the MSEF of one algorithm and the MSFE of M5. The fourth line shows the num-
ber of significant differences using the signed-rank test taking the multivariate
tree F'T as reference. We use the Wilcoxon Matched-Pairs Signed-Ranks Test
to compare the error rate of pairs of algorithms across datasetdd. The last line
shows the p values associated with this test for the MSE results on all datasets
and taking FT as reference. It is interesting to note that the full model (FT)
significantly improves over both components (LR and UT) in 14 datasets out
of 20. All the multivariate trees have a similar performance. Using the signifi-
cant test as criteria, F'T is the most performing algorithm. It is interesting to
note that the bottom-up version is the most competitive algorithm. The ratio
of significant wins/losses between the bottom-up and top-down versions is 4/3.

4 http://www.ncc.up.pt/~ltorgo/Datasets

5 In regression problems, the actual implementation ignores missing values at learning
time. At application time, if the value of the test attribute is unknown, all descendent
branches produce a prediction. The final prediction is a weighted average of the
predictions.

5 Each pair of data points consists of the estimate MSE on one dataset and for the
two learning algorithms being compared.
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Table 1. Summary of Results in Regression Problems (MSE).

L.Regression Univ. Tree Functional Trees

Data (LR) (UT) Top Bottom FT M5

Abalone — 4.908+0.0 — 5.728+0.1 4.616+£0.0 — 4.759+£0.0  4.602+0.0  4.553+0.5
Auto-mpg  — 11.470+0.1 — 19.409+1.2  + 8.921+0.4 9.560+0.8  9.131+£0.5  7.958+3.5
Cart — 5.6844+0.0 + 0.995£0.0 — 1.016£0.0 + 0.993+0.0  1.012£0.0  0.994%0.0
Computer  — 99.907+£0.2 — 10.95540.6 — 6.426+0.6 — 6.507+£0.5  6.28440.6 — 8.081+£2.7
Cpu — 3734+1717 — 4111£1657  — 1760+389  — 11974161  1070£137  1092+1315
Diabetes 0.399+0.0  — 0.535+£0.0  — 0.500£0.0 0.4004£0.0  0.399+£0.0  0.446%0.3
Elevators ~ — 1.02e-5£0.0 — 1.4e-540.0 — 0.86e-540.0 0.5e-5£0.0  0.5e-5+0.0  0.52e-540.0
Fried —6.924+0.0 — 3.474+£0.0 — 1.862+0.0 — 2.348+0.0  1.850+£0.0 — 1.938+0.1
H.Quake 0.036%0.0 0.036%0.0 0.036%0.0 0.036+0.0  0.036+£0.0  0.036%0.0

House(16H) —2.06e9+6.1e5
House(8L) —1.73e9+8.2e5
House(Cal) —4.81€9+2.0e6

— 1.69e9+£3.3e7 + 1.20e9£2.2e7
— 1.19e9+1.2e7 + 1.01e9+1.3e7

1.19€9+£3.0e7 1.23e942.2e7 1.27e941.2e8
1.02e9+9.2e6 1.02e941.3e7 9.97e8+7.1e7
— 3.69e9+£3.5e7 — 3.09e9£2.7e7 + 2.78e9+2.8e7 3.05e9+£3.1e7 3.07e9+2.8e8

Housing — 23.8404+0.2 — 19.591+1.7 16.2514+1.1 4 13.3594+1.7 16.538+1.3 12.467+7.5
Kinematics ~ — 0.04140.0  — 0.035£0.0  — 0.027£0.0 — 0.02640.0  0.023£0.0 — 0.025::0.0
Machine — 595242053 — 60361752 34731673 3300757  3032+£759 355744271
Pole — 930.08+0.3  + 48.55+1.2 79.4842.6  + 35.16+£0.7 79.314£24 + 42.045.8
Puma32 — 7.2e-4+0.0 — 1.1e-4£0.0 + 0.71e-4£0.0 0.82e-4+0.0 0.82e-4+0.0 0.67e-440.0
Pumag — 19.925+£0.0 — 13.307£0.2 + 11.047+£0.1 11.14540.1 11.24140.1 + 10.299+0.5
Pyrimidines — 0.0180.0 0.014£0.0 4 0.010+0.0 0.013£0.0  0.013£0.0  0.012+0.0
Triazines — 0.025£0.0 + 0.019£0.0 — 0.018%+0.0 0.023+£0.0  0.023%0.0 0.017+0.0
Summary of MSE Results
LR uT FT-T FT-B FT M5
Geometric Mean 39.2 23.59 17.68 16.47 16.90 16.2
Average Rank 5.4 4.9 3.15 2.9 2.5 2.3
Average Ratio 4.0 1.57 1.13 1.03 1.07 1
Wins / Losses 1/19 4/16 8/12 6/11 - 11/9
Signi. Wins/Losses 0/18 3/15 6/9 4/5 - 2/3
Wilcoxon Test 0.0 0.02 0.21 0.1 - 0.23

Nevertheless there is a computational cost associated with the increase in per-
formance verified. To run all the experiments referred here, FT requires almost
1.8 more time than the univariate regression tree.

5.2 Results in Classification Problems

We have chosen 30 datasets from the UCI repository. For comparative purposes
we also evaluate M5’ [21]. M5’ decomposes a n-classes classification problem into
n—1 binary regression problemaﬂ. The results in terms of error-rate and standard
deviation are presented in Table Rl The first two columns refer to the results of
the components of our system, the LINEARBAYES and the univariate tree. The
next two columns refer to the lesioned versions of the algorithm, the Bottom-
Up (FT-B) and Top-Down (FT-T). The fifth column refers to the full proposed

7 We have used other multivariate trees. The most competitive was M5'.
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Table 2. Summary of Error Rate Results
LinBayes Univ. Tree Functional Trees

Dataset LB uT Bottom Top FT M5’

Adult — 17.0124+0.5 14.1784+0.5 — 14.307+£0.4  13.800£0.4 13.830£0.4 — 15.1824+0.6
Australian 13.498+0.3 14.750+1.0 — 14.343+£0.4 13.9284+0.6 13.638+£0.6  14.643+5.2
Balance — 13.355£0.3 — 22.467+1.1 — 10.445£0.6 7.313£0.9 7.313+0.9 — 13.894+3.2
Banding 23.681+1.0 23.512+1.8 23.512+1.8 23.762+2.223.762+2.2 22.61945.3
Breast(W) + 2.8624+0.1 — 5.123+0.2 — 4.337+0.1 3.346+0.4 3.346+0.4 5.137£3.1
Cleveland 16.134+£0.4 — 20.995+1.4 4+ 15.9524+0.5 17.369+0.9 16.675+0.8  17.926+8.0
Credit + 14.22840.1 14.608+0.5 14.784+0.5 15.1034+0.415.2204+0.6 14.913+3.7
Diabetes + 22.70940.2 — 25.348+£1.0 23.9984+1.0 — 25.206£0.9 23.658+1.0 25.002+4.8
German 24.520+0.2  28.240+0.7 + 23.630+£0.5 24.87040.524.3304+0.7  26.300+3.1
Glass — 36.647+£0.8 32.150+2.3 32.150£2.3 32.509+3.3 32.509+3.3 29.479+10.4
Heart 17.704£0.2 — 23.074+1.7 17.037£0.6 17.333+1.417.185£0.8 16.667+8.9
Hepatitis  + 15.4814+0.7 17.135+1.3 17.135+1.3 17.135+£1.317.135£1.3 19.91948.5
Tonosphere 13.379+£0.8 10.025+0.9 10.624+0.9 11.1754+1.411.175+1.4 9.704+4.1
Iris 2.000+0.0 — 4.333+0.8 2.067£0.2 — 3.733+0.8 2.067+0.2 5.333£5.3
Letter — 29.8214+1.3 11.880+0.6 12.005+0.6 11.799+1.111.799+1.1 + 9.44040.5
Monks-1 — 25.009£0.0 10.536+1.7 11.150+£1.9 8.752+1.9 8.729+1.9 10.054+8.9
Monks-2 — 34.186£0.6 — 32.865+0.0 — 33.907+0.4 9.004£1.6 9.074+1.6 27.664+20.9
Monks-3 — 4.163+£0.0 + 1.572+0.4 3.511+0.9 2.884+0.4 2.998+0.4 1.3644+2.4
Mushroom — 3.109+0.0 + 0.000£0.0 + 0.062+0.0 0.1124+0.0 0.112+0.0 0.025+0.1
Optdigits — 4.687+£0.1 — 9.476+£0.3 — 4.7324+0.1 3.295+0.1 3.300+£0.1 — 5.429+1.4
Pendigits — 12.4254+0.0 — 3.559+0.1 — 3.09940.1 2.890+£0.1 2.890+0.1 2.419+0.4
Pyrimidines — 9.846+0.1 + 5.733+0.2 6.115+0.2 6.158+0.2 6.159+0.2 6.175+0.9
Satimage — 16.011£0.1 — 12.8944+0.2 — 12.894+0.2 11.7764+0.3 11.776+£0.3 12.402+3.2
Segment — 8.407+0.1 3.381£0.2 3.381£0.2 3.190£0.2 3.190+0.2 2.468+0.8
Shuttle — 5.629+0.3 0.028+0.0 0.028+0.0 0.036£0.0 0.036%0.0 0.067£0.0
Sonar 24.955+1.2  27.654+3.5 27.654+3.5 27.65443.527.654+3.5 22.721+9.0
Vehicle 22.163+0.1 — 27.334+£1.2 + 18.282+0.5 21.090£1.121.031+1.1  20.900+4.6
Votes — 9.7394+0.2 3.773£0.5 3.773+0.5 3.795£0.5 3.795%+0.5 4.1724+4.0

Waveform + 14.939+0.2 — 24.036+0.8 4+ 15.2164+0.2 — 16.1424+0.3 15.863+0.4 — 17.241+1.4

Wine 1.133+£0.5 — 6.609+1.3 1.404+£0.3 1.459£0.3 1.404=£0.3 3.830+3.6

LB UT FT-B FT-T FT M5’
Average Mean 15.31 14.58 12.72 11.89 11.72 12.77
Geometric Mean 11.63 9.03 7.03 6.80 6.63 7.24
Average Rank 4.0 4.1 3.1 3.3 3.0 3.4
Average Ratio 7.545 1.41 1.12 1.032 1.23
Wins/Losses 11/19 9/19 13/13 6/10 - 12/18
Significant Wins/Losses 5/15 3/12 5/8 0/3 - 1/4
Wilcoxon Test 0.00 0.00 0.8 0.07 -




Functional Trees 71

model(FT). The last column refers to the results of M5'. For each dataset, the
algorithms are compared against the full functional tree using the Wilcozon
signed rank-test. A — (+) sign indicates that for this dataset the performance
of the algorithm was worse (better) than the full model with a p value less than
0.01.

Table 2] present a comparative summary of the results. The first two lines
present the arithmetic and the geometric mean of the error rate across all
datasets. The third line shows the average rank of all models, computed for
each dataset by assigning rank 1 to the best algorithm, 2 to the second best and
so on. The fourth line shows the average ratio of error rates. This is computed
for each dataset as the ratio between the error rate of one algorithm and the
error rate of the full functional tree FT. The fifth line shows the number of
significant differences using the signed-rank test taking the multivariate tree F'T
as reference. We use the Wilcozon Matched-Pairs Signed-Ranks Test to compare
the error rate of pairs of algorithms across datasets. The last line shows the p
values associated with this test for the results on all datasets and taking FT as
reference. All the evaluation statistics shows that F'T is a competitive algorithm.
The most competitive simplified version is, again, the bottom-up version. The
ratio of significant wins/losses between the bottom-up and top-down versions is
10/6. It is interesting to note that the full model (FT) significantly improves
over both components (LB and UT) in 6 datasets.

5.3 Discussion
The experimental evaluation points out some interesting observations:

— For both types of problems we obtain similar rankings of the performance
between the different versions of the algorithms.

— All multivariate trees versions have similar performance. On these datasets,
there is no clear winner between the different versions of functional trees.

— Any functional tree out-performs its constituents in a large set of problems.

In our study the results are consistent on both type of problems. Our experimen-
tal study suggests that the full model, that is a multivariate model using linear
functions both at decision nodes and leaves, is the most performing algorithm.
Another dimension of analysis is the size of the model. Here we consider the
number of leaves. This measures the number of different regions into which the
instance space is partitioned. On this datasets, the average number of leaves for
the univariate tree is 70. Any multivariate tree generates smaller models. The
average number of leaves of the full model is 50, for the bottom approach is
56, and for the top approach is 52. Nevertheless there is a computational cost
associated with the increase in performance verified. To run all the experiments
referred here, FT requires almost 1.7 more time than the univariate tree.

6 Conclusions

In this paper we have presented Functional Trees, a new formalism to construct
multivariate trees for regression and classification problems. The proposed algo-
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rithm is able to use functional decision nodes and functional leaf nodes. Func-
tional decision nodes are built when growing the tree, while functional leaves are
built when pruning the tree. A contribution of this work is that it provides a
single framework for classification and regression multivariate trees. Functional
trees can be seen as a generalization of multivariate trees for decision problems
and model-trees for regression problems, allowing functional decisions both at in-
ner and leaf nodes. We have experimentally observed that the unified framework
is competitive against the state-of-the-art in model-trees.

Another contribution of this work is the study about where to use decisions
based on a combination of attributes both in regression and classification. In the
experimental evaluation on a set of benchmark problems we have compared the
performance of a functional tree against its components, two simplified versions
and the state-of-the-art in multivariate trees. The results are consistent on both
type of problems. Our experimental study suggests that the full model, that is
a multivariate model using linear functions both at decision nodes and leaves, is
the most performing algorithm. Although most of the work in multivariate clas-
sification trees follows the top-down approach, the bottom-up approach seems
to be competitive. A similar observation applies to regression problems. This
observation point directions for future research on this topic.
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Abstract. We briefly summarize some of the lessons learned in a workshop on cog-
nitive studies of science and technology. Our purpose was to assemble a diverse
group of practitioners to discuss the latest research, identify the stumbling blocks to
advancement in this field, and brainstorm about directions for the future. Two
questions became central themes. First, how can we combine artificial studies in-
volving ‘spherical horses’ with fine-grained case studies of actual practice? Results
obtained in the laboratory may have low applicability to real world situations. Sec-
ond, how can we deal with academics’ attachments to their theoretical frameworks?
Academics often like to develop unique ‘toothbrushes‘ and are reluctant to use any-
one else’s. The workshop illustrated that toothbrushes can be shared and that
spherical horses and fine-grained case studies can complement one another. Theo-
ries need to deal rigorously with the distributed character of scientific and techno-
logical problem solving. We hope this workshop will suggest directions more so-
phisticated theories might take.

1 Introduction

At the turn of the 21st century, the most valuable commodity in society is knowledge,
particularly new knowledge that may give a culture, a company, or a laboratory an
advantage [1-3]. Therefore, it is vital for the science and technology studies commu-
nity to study the thinking processes that lead to discovery, new knowledge and inven-
tion. Knowledge about these processes can enhance the probability of new and useful
technologies, clarify the process by which new ideas are turned into marketable reali-
ties, make it possible for us to turn students into ethical inventors and entrepreneurs,
and facilitate the development of business strategies and social policies based on a
genuine understanding of the creative process.

2 A Workshop on Scientific and Technological Thinking

In order to get access to cutting-edge research on techno-scientific thinking, Michael
Gorman obtained funding from the National Science Foundation, the Strategic Insti-
tute of the Boston Consulting Group and the National Collegiate Inventors and Inno-
vators Alliance to hold a workshop at the University of Virginia from March 24-27,
2001. With assistance from Alexandra Kincannon, Ryan Tweney and others, he as

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 74-86, 2001.
© Springer-Verlag Berlin Heidelberg 2001
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sembled a diverse group of practitioners, focusing on those in the middle of their ca-
reers and also on junior faculty and graduate students who represent the future. There
were 29 participants, including 18 senior or mid-career researchers, and 11 junior
faculty and graduate students. Representatives from the NSF, the Strategic Institute
of the BCG and the NCIIA also attended. Their role was to keep participants focused
on lessons learned, even as the participants worked to assess the state of the art and
push beyond it, establishing new directions for research on scientific and technologi-
cal thinking.

In the rest of this brief paper, Gorman and Kincannon, two of the organizers of
the workshop, and Matthew Mehalik, one of the participants, will highlight results
from this workshop, citing the Work of participants where appropriate and adding in-
terpretive material of their own.

Two questions dominated in the workshop, each illustrated by a metaphor. David
Gooding, a philosopher from the University of Bath who has done fine-grained stud-
ies of the thinking processes of Michael Faraday, told a joke that set up one theme. In
the joke, a multimillionaire offered a prize for predicting the outcome of a horse race
to a stockbreeder, a geneticist, and a physicist. The stockbreeder said there were too
many variables, the geneticist could not make a prediction about any particular horse,
but the physicist claimed the prize, saying he could make the prediction to many
decimal places—provided it were a perfectly spherical horse moving through a vac-
uum. This metaphor led to a question: How can we combine artificial studies in-
volving ‘spherical horses’ and fine-grained case studies of actual practice? Results
obtained under rigorous laboratory conditions may have what psychologists call low
ecological validity, or low applicability to real world situations [4]. Highly abstract
computational models often ignore the way in which real-world knowledge is embed-
ded in social contexts and embodied in hands-on practices [5].

The second metaphor came from Christian Schunn, then at George Mason Uni-
versity and now at the University of Pittsburgh, who noted that taxonomies and
frameworks are like toothbrushes—no one wants to use anyone else’s. This metaphor
led to another question: How can we transcend academics’ attachments to their indi-
vidual theoretical frameworks? Academic psychologists, historians, sociologists and
philosophers like to develop and refine unique toothbrushes and are reluctant to use
anyone else’s. Real-world practitioners are not as fussy; they are willing to assemble a
‘bricolage’ of elements from various frameworks that academics might regard as in-
commensurable.

3 A Moratorium against Spherical Horses?

Nancy Nersessian, a philosopher and cognitive scientist from the Georgia Institute of
Technology, reminded participants that Bruno Latour declared a ten-year moratorium
against cognitive studies of science in 1986. Latour was one of the key figures in
promoting a new sociology of scientific knowledge. He and others were reacting

' The views reflected here are those of the authors, and have not been endorsed by workshop
participants, the NSF, BCG or the NCIIA. All participants were taped, with their consent,
and we have used these tapes in an effort to reconstruct highlights. Thanks to Pat Langley for
his comments on a draft.
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against the idea that science was a purely rational enterprise, carried out in an abstract
cognitive space.

Cognitiye scientists like Herbert Simon contributed to this abstract cognizer view
of science.” Simon was one of the founders of a movement Nersessian labeled “Good
Old Fashioned Artificial Intelligence” (GOFAI). Simon’s toothbrush, or framework,
began with the assumption that there is nothing particularly unique about what a Kep-
ler does—the same thinking processes are used on both ordinary and extraordinary
problems [6]. Simon was a revolutionary in the Kuhnian sense; he played a major
role in creating artificial intelligence and linking it with a new science of thinking,
called cognitive science.

Peter Slezak used programs like BACON to turn the tables on Latour’s morato-
rium:

A decisive and sufficient refutation of the 'strong programme' in the sociology of
scientific knowledge (SSK) would be the demonstration of a case in which sci-
entific discovery is totally isolated from all social or cultural factors whatever. I
want to discuss examples where precisely this circumstance prevails concerning
the discovery of fundamental laws of the first importance in science. The work I
will describe involves computer programs being developed in the burgeoning
interdisciplinary field of cognitive science, and specifically within 'artificial in-
telligence' (AI). The claim I wish to advance is that these programs constitute a
'pure’ or socially uncontaminated instance of inductive inference, and are capable
of autonomously deriving classical scientific laws from the raw observational
data [7, pp. 563-564].

Slezak argued that if programs like BACON [8, 9] can discover, then there is no
need to invoke all these interests and negotiations the sociologists use to explain dis-
covery. His claims sparked a vigorous debate in the November, 1989 issue of the
journal Social Studies of Science. Latour and Slezak illustrate how academics can
create almost incommensurable frameworks. If the Simon perspective is a tooth-
brush, then Latour is denying that it even exists—and vice versa.

Nersessian reminded participants that, had Simon been at the workshop, he would
have argued that his toothbrush does incorporate the social and cultural; it is just that
all of this is represented symbolically in memory [10]. Therefore, cognition is about
symbol processing. These symbols could be as easily instantiated in a computer as in
a brain.

In contrast, Greeno and others advocate a position whose roots might be traced to
Gibson and Dewey: that knowledge emerges from the interaction between the indi-
vidual and the situation [11]. Cognition is distributed in the environment as well as
the brain, and is shared among individuals [12, 13]. Merlin Donald discusses the role
of culture in the evolution of cognition [14]. Nersessian in her own work explored
how cultural factors can account for differences between the problem-solving ap-
proaches of scientists like Maxwell and Ampere [15].

In the symbol-processing view, discovery and invention are merely aspects of a
general problem-solving system that can best be represented at the ‘spherical horse’
level. In the situated and distributed view, discovery and invention are practices that

* Simon intended to be a participant in our workshop, but died shortly before it—a great trag-
edy and a great loss. During the planning stages, he referred to this as a workshop of ‘right
thinkers’. For tributes to him, see

http://www.people.virginia.edu/~apk5t/STweb/mainST.html.



Spherical Horses and Shared Toothbrushes 71

need to be studied in their social context. This situated cognition perspective comes
much closer to that of sociologists and anthropologists of science [16], but advocates
like Norman and Hutchins still talk about the importance of representations like
mental models.

Jim Davies, from the Georgia Institute of Technology, applied Nersessian’s cog-
nitive-historical approach to a case study of the use of visual analogy in scientific
discovery. Davies analyzed the process of conceptual change in Maxwell’s work on
electromagnetism and applied to it a model of visual analogical problem solving
called Galatea. He found that visual analogy played an important role in the devel-
opment of Maxwell’s theories and demonstrated that the cognitive-historical approach
is useful for understanding general cognitive processes.

Ryan Tweney, a co-organizer of the workshop, described his own in vivo case
study of Michael Faraday’s work on the interaction of light and gold films [33].
Tweney is in the process of replicating these experiments to unpack the tacit knowl-
edge that is embodied in the cognitive artifacts created by Faraday. He hopes to do a
kind of material protocol analysis that goes beyond the verbal material that is in Fara-
day’s diary. One end result might be a digital version of Faraday’s diary that includes
images and perhaps even QuickTime movies of replications of his experiments. This
kind of study potentially bridges the gap between situated and symbolic studies of
discovery.

4 A Common Set of Toothbrushes?

David Klahr, a cognitive psychologist at Carnegie Mellon, has shown a preference for
spherical horses, conducting experiments on scientific thinking. However, his ex-
periments have used sophisticated, complex tasks. For example, he and two of his
students (also workshop participants) Kevin Dunbar and Jeff Shrager asked partici-
pants in a series of experiments to program a device called the Big Trak, and studied
the processes they used to solve this problem. The Big Trak was a battery-powered
vehicle that could be programmed, via a keypad, to move according to instructions.
One of the keys was labeled RPT. Participants had to discover its function.

Following in Herb Simon’s footsteps, Klahr, with Dunbar and Schunn, character-
ized subjects’ performance as a search in two problem spaces, one occupied by possi-
ble experiments, the other by hypotheses [17]. They found that one group of subjects
(Theorists) preferred to work in the hypothesis space, proposing about half as many
experiments as the second group (Experimenters). Almost all of the former's experi-
ments were guided by a hypothesis, whereas the latter's were often simply explora-
tory.

Based on this and other work, Klahr proposed a possible general framework, or
shareable toothbrush, for classifying the different kinds of cognitive studies. This
general framework is based on multiple problem spaces, and whether the study was a
general one, using an abstract task like the Big Trak, or domain-specific, like Nerses-
sian’s studies of Maxwell [18].

Dunbar, currently at McGill University and moving to Dartmouth in the fall,
added to this general framework the idea of classifying experiments based on whether
they were in vitro (controlled laboratory experiments) or in vivo (case studies). Com-
putational simulations can be based on either in vivo or in vitro studies. A system for
classifying studies of scientific discovery might begin with a 2x2 matrix. Big Trak is
an example of an in vitro technique; the work on Maxwell described by Nersessian,
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on Faraday by Tweney, and on nuclear fission by Andersen, are examples of in vivo
work. The three in vivo research programs did not explicitly distinguish between hy-
pothesis and experiment spaces, but the practitioners studied generated both hypothe-
ses and experiments.

The rest of this paper will feature highlights from the workshop that will force us
to expand and transform this classification scheme (see Table I). Dunbar’s work has
iterated between in vivo and in vitro studies. The value of in vitro work is the way in
which it allows for control and isolation of factors—Ilike the way in which the possi-
bility of error encourages experimental participants to adopt a confirmatory heuristic
[19].

Dunbear thinks it is important to compare such findings with what scientists actu-
ally do. He has conducted a series of in vivo studies of molecular biology laborato-
ries [20, 21]. Group studies have the heuristic value of forcing people to explain their
reasoning. Regarding error, the molecular biologists had evolved special controls to
check each step in a complex procedure in order to eliminate error. Dunbar ran an in
vitro study in which he found that undergraduate molecular biology students would
also employ this kind of control on a task that simulated the kind of reasoning used in
molecular biology [22]. Dunbar’s work shows the importance of iterating between in
vitro and in vivo studies.

Schunn and his colleagues were interested in how scientists deal with unexpected
results, or anomalies. In one study, he videotaped two astronomers interacting over a
new set of data concerning the formation of ring galaxies. Schunn found that these
researchers noticed anomalies as much as expected results, but paid more attention to
the anomalies. The researchers developed hypotheses about the anomalies and elabo-
rated on them visually, whereas they used theory to elaborate on expected results.
When the two astronomers discussed the anomalies, they used terms like ‘the funky
thing’ and ‘the dipsy-doodle’, staying at a perceptual rather than a theoretical level.
Schunn’s astronomers were working neither in the hypothesis nor experimental space;
instead, they were working in a space of possible visualizations dependent on their
domain-specific experience.

Hanne Andersen, from the University of Copenhagen, described the use of a fam-
ily resemblance view of taxonomic concepts for understanding the dynamics of con-
ceptual change. She noted that the family resemblance account has been criticized for
not being able to distinguish sufficiently between different concepts, the problem of
wide-open texture. This limitation could be resolved by including dissimilarity as
well as similarity between concepts and by focusing on taxonomies instead of indi-
vidual concepts. Anomalies can be viewed as violations of taxonomic principles that
then lead to conceptual change. Andersen applied this approach to the discovery of
nuclear fission, finding that early models of disintegration and atomic structure were
revised in light of anomalous experimental results of this taxonomic kind

Shrager, affiliated with the Department of Plant Biology, Carnegie Institution of
Washington, and the Institute for the Study of Learning and Expertise, did a reflective
study of his own socialization into phytoplankton molecular biology. In the begin-
ning, he had to be told about every step, even when there were explicit instructions;
he needed an extensive apprenticeship. As his knowledge grew, he noted that it was
“somewhere between his head and his hands.” As his skill developed, he was able to
take some of his attention off the immediate task at hand and understand the purpose
of the procedures he was using. On at least one occasion, this came together in the
“blink of an eye.” The cognitive framework he found most useful was his own tooth-
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brush: view application [23]. To his surprise, Shrager found that, “What passes for
theory in molecular biology is the same thing that passes for a manual in car mechan-
ics.” He found less of a need to keep reflective notes in his diary as he became more
proficient, though he continued to record the details of experiments, where particular
materials were stored and all the other procedural details that are vital to a molecular
biologist. He commented that, “if you lose your lab notebook, you’re hosed.”

Gooding indicated that more abstract computational models of the spherical horse
variety have not worked well for him. For him, “the beauty is in the dirt.” In collabo-
ration with Tom Addis, a computer scientist, he evolved a detailed, computational
scheme for representing Faraday’s experiments, hypotheses and construals [24].
Gooding thought that communication ought to be added to the matrix proposed by
Klahr and Dunbar (See Table 1).

Paul Thagard, from the University of Waterloo, has been gathering ideas from
leaders in the field about what it takes to be a successful scientist. According to Herb
Simon, one should not work on what everyone else is working on and one needs to
have a secret weapon, in his case, computational modeling. As part of a case study,
Thagard interviewed a microbiologist, Patrick Lee, who accidentally discovered that a
common virus has potential as a treatment for cancer. The discovery was the result of
a “stupid” experiment in viral replication done by one of Lee’s graduate students.
The “stupid” experiment produced an anomalous result that eventually led to the gen-
eration of a new hypothesis about the virus’ ability to kill cancer cells. This chain of
events is an example of abductive hypothesis formation, in which hypotheses are gen-
erated and evaluated in order to explain data. Once a hypothesis was generated that
fit the data, researchers used deduction to arrive at the hypothesis that the virus could
kill cancer cells. Thagard raises the questions of how one decides what experiments
to do and how one determines what is a good experiment. These questions are a criti-
cal part of the cognitive processes involved in discovery. Thagard is also looking at
the role of emotions in scientific inquiry, in judgments about potential experiments, in
reactions to unexpected results, and in reactions to successful experiments (Thagard’s
model of emotions and science: http://cogsci/uwaterloo.ca ). Thagard suggested add-
ing a space of questions to the Klahr framework.

Robert Rosenwein, a sociologist at Lehigh, presented an in vitro simulation of sci-
ence (SCISIM) that comes close to an in vivo environment [25]. Students in a class
like Gorman’s Scientific and Technological Thinking (http://128.143.168.25/classes

/200R/tcc200rf00.html) take on a variety of social roles in science. Some work in
competing labs, others run funding agencies, still others run a journal and a newslet-
ter. The students in the labs try to get funding for their experiments, and then publish
the results. They do not do the kinds of fine-grained experimental processes done by
participants in Big Trak; instead, they choose the variables they want to combine in an
experiment, select a level of precision, and are given a result. Experiments cost ‘sim-
bucks’ and salaries have to be paid, so there is continual pressure to fund the lab.
There is a group of independent scientists as well, who have to decide which line of
research to pursue. SCISIM adds another column to the matrix, for simulation of pur-
suit decisions. Pursuit decisions concern which research program to seek funding for
(See Table 1).

Such decisions are usually made within a network of enterprises. Marin Simina, a
cognitive scientist at Tulane, described a computational simulation of Alexander Gra-
ham Bell’s network of enterprises. Howard Gruber coined the term ‘network of enter-
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prises’ to describe the way in which Darwin pursued multiple projects that eventually
played a synergistic role in his theory of evolution [26]. Similarly, Alexander Graham
Bell had two major enterprises in 1873: making speech visible to the deaf, and send-
ing multiple messages down a single wire. These enterprises were synthesized in his
patent for a speaking telegraph, which focused on the type of current that would have
to be used to transmit and receive speech [27, 28].

Simina created a program called ALEC, which simulated the discovery Bell made
on June 2, 1875. At that time, Bell’s primary goal was to reach fame and fortune by
solving the problem of multiple telegraphy, Bell had suspended the goal of transmit-
ting speech because his mental model for a transmitter contained an indefinite number
of metal reeds—it was not clear how it could be built. On June 2, 1877, a single tuned
reed transmitted multiple tones with sufficient volume to serve as a transmitter for the
human voice. Bell was not seeking this result; he wanted the reed to transmit only a
single tone. But this serendipitous result allowed him to activate his suspended goal
and instruct Watson to build the first telephone [29]. ALEC was able to simulate the
process of suspending the goal and how Bell was primed to reactivate it by a result.

5 Collaboration and Invention

Gary Bradshaw, a cognitive scientist at Mississippi State and a collaborator with Herb
Simon, talked about “stepping off Herb’s shoulders into his shadow.” In a study of
the Wright Brothers, he adapted Klahr’s framework to invention, creating three
spaces: function, hypothesis and design [30]. One of the major reasons the Wrights
succeeded where others failed was that the brothers decomposed the problem into
separate functions—Ilike vertical lift, horizontal stability, and turning. Other inventors
worked primarily in a design space, adding features like additional wings without the
careful functional analysis done by the Wrights. This suggests that function and de-
sign spaces ought to be added for inventors (see Table 1).

To see how well his framework of invention work-spaces held up, Bradshaw tried
another case—the rocket boys from West Virginia, immortalized in a book by Homer
Hickam [31], and in the film October Sky [32]. Their problem of rocket construction
could be decomposed into multiple spaces, but a complete factorial of all the possible
variations would come close to two million cells, so they could not follow the strategy
called Vary One Thing at a Time (VOTAT) —they did not have the resources. Al-
though the elements of the rocket construction were not completely separable, they
tested some variables in isolation, such as fuel mixtures in bottles. They also did care-
ful post-launch inspection, and used theory to reduce the problem space; for example,
they used calculus to derive their nozzle shape. They built knowledge as they went
along, taking good notes. Team members also took different roles—one was more of
a scientist, another more of an engineer and project manager.

Tweney argued from his own experience that the rocket system was much less
decomposable than suggested by Bradshaw’s analysis and that the West Virginia
group seemed to hit upon some serendipitous decompositions. Tweney’s rocket group
was stronger in chemistry, so they used theory to create the fuel, and copied the noz-
zle design. Both were post-Sputnik groups active during the late 1950’s, although
Tweney insists that his was a less serious “rocket boy” group than the one studied by
Hickam.
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Mehalik, a Systems Engineer at the University of Virginia, developed a framework
which combined Hutchins’ analysis of distributed cognition ‘in the wild’ [12], with
three states or stages in actor networks.

1. A top-down state in which one actor or group of actors controls the research

program and tells others what to do.

2. A trading zone state in which no group of actors has a comprehensive view,
but all are connected by a boundary object that each sees differently. Peter
Galison uses particle detectors as an example of this sort of boundary object
[34],

3. A shared representation state in which all actors have a common perspective
on what needs to be accomplished, even if there is still some division of la-
bor based on skills, aptitude and expertise.

Mehalik applied this framework to the invention of an environmentally sustainable
furniture fabric by a global group. This network began with a shared mental model
based on an analogy to nature, then struggled to settle into a stable trading zone in
which participants would trade economic benefits and prestige. The resulting fabric
has won almost a dozen major environmental awards and is seen as a leading example
of innovative environmental design.

Klahr suggested that Mehalik’s research might add another dimension to his over-
all framework: capturing work in groups and teams. It might be possible to take each
of the major actants studied by Mehalik, look at what spaces they worked in, then
show links between them and their different activities. Tweney raised an important
question about distributed cognition—could intra-individual cognition be modeled in
a way similar to inter-individual cognition by including the three-state framework?

Michael Hertz, from the University of Virginia, developed a tool for determining
causal attribution, and applied it to Monsanto’s initially unsuccessful introduction of
GMO’s into Europe. The tool did not allow Hertz to identify a primary cause, but it
did reduce the complexity of the decision space for students studying the Monsanto
case and trying to determine who or what was at fault. Shrager suggested implement-
ing this tool in an Echo network that would incorporate interaction with the decision-
makers themselves. Bernie Carlson raised the question of when it is useful to quan-
tify certain decision situations, again relating to the theme of the balance between
using a tool to help reduce complexity in a decision situation while still maintaining
contextual validity. Ryan Tweney raised the issue of using Hertz’s framework in a
predictive sense—the dynamic complexity of the situation may be too difficult to
make predictions; however, prediction is what a company such as Monsanto may be
most interested in. Hertz responded by saying that the act of trying to identify causes
has heuristic value, especially if a tool helps Monsanto distinguish between the rela-
tive role of factors it can influence and factors that are largely beyond its control. De-
cision aids and simulations simplify complex situations; decision-makers need to re-
member that these simplifications may not accurately reflect all important aspects of
the underlying situation, including complex, dynamic interactions among variables.

Thomas Hughes, a historian of technology, talked about his analysis of collective
invention in large-scale systems like the development of the Atlas and Polaris missiles
[35]. He extolled the virtues of systems management techniques and the benefits of
isolating scientists from bureaucracy. Project management and oversight functions
change with the size of the group and management becomes more explicitly needed
with larger groups. Without sufficient oversight, large projects can be too diffuse and
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inefficient. Dunbar suggested that having this kind of systems management was one
reason why the privately funded Celera outperformed the publicly funded Human
Genome Project.

William (Chip) Levy, from the Department of Neurosurgery at the University of
Virginia, described a neural network that models results of an implicit learning ex-
periment. He uses the model as an illustration of how variability can be an adaptive
property in biological terms. Complex systems, like brains and like neural network
models, benefit from the random fluctuations of noise. Eliminating variability in these
systems would sacrifice too much memory capacity. Variability exists both within
and between individuals.

Levy’s research highlights the role of tacit knowledge in discovery and invention.
Sociologists of science and technology emphasize the tacit dimension [36, 37]. There
is a growing cognitive literature on implicit knowledge in psychology [38, 39], but
this literature does not connect directly to discovery and invention. Several confer-
ence participants mentioned tacit knowledge. Robert Matthews, a cognitive psycholo-
gist at Louisiana State and one of the leading researchers on implicit learning [40],
predicted that Dunbar’s scientists would be unable to explain why they did what they
did. Dunbar responded that the scientists’ after-the-fact stories about how they did
what they did had nothing to do with their actual processes. Schunn noted Karmiloft-
Smith’s three stages of learning, in which the second stage means you can do some-
thing without being able to explain it, and the third stage involves reflection [41]. The
way to become aware of one’s implicit knowledge is to watch oneself, which can in-
terfere with performance.

Maria Ippolito, from the University of Alaska, compared the creative process ex-
hibited in the writings of Virginia Woolf to that used by scientists. Ippolito offered
Woolf as an example of a scientific thinker in a more general sense and constructed a
multi-dimensional database using Woolf’s writings. Through the examination of
Woolf’s development as a writer, Ippolito investigated the psychological processes of
creative problem solving, including heuristics, scripts and schemata, development of
expertise, and search of unstructured problem spaces.

Elke Kurz, from the University of Tiibingen, commented on two studies in which
she observed the softening of often-perceived boundaries between cognitive-historical
case study analysis and in-laboratory analyses. She examined how scientists and
mathematicians used different representational systems, such as variant forms of Cal-
culus, when problem solving. These differences can be traced to historical develop-
ments in the different scientific fields. Such historical developments invite historical
case analysis as a necessary part of the study of the conceptual resources these differ-
ent scientists possessed. Kurz also replicated experiments involving perception of
size constancy that had been done earlier by Brunswik. During the attempts at repli-
cation, Kurz noted how Brunswik needed to constrain the participants’ agency into
forms that Brunswik found tolerable in the context of his experiment. Kurz stated the
construction of this context of acceptable agency is a process worth studying using
historical case methods, again complementing the in-laboratory style of investigation.
Finally, Kurz reported on the difficulties of attempting a replication of a previous ex-
periment because of the changes in many contextual events between the original ex-
periment and the replicated experiment. This situation again invites the crossing of
any perceived boundary between the case study and in-laboratory approaches.
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6 Lessons Learned

The workshop illustrates that toothbrushes can be shared. The example we used in
this paper was the Simon/Klahr multiple spaces framework. Table 1 summarizes the
potential spaces identified in the workshop.

Table 1. Different search spaces identified by participants in the workshop. Asterisks denote
computational simulations, a kind of ‘spherical horse’ that can be based on either in vivo or in
vitro studies. Italics denote spaces that are unique to invention.

Search Spaces In Vitro In Vivo
Hypotheses Big Trak, SciSim Maxwell, Faraday
Experiments Big Trak, SciSim Maxwell, Faraday
Pursuit SciSim ALEC*

Communication SciSim Faraday

Embodied knowledge Faraday, Shrager

Taxonomies Nuclear fission

Visualizations Galatea*, Schunn’s astronomers
Questions Patrick Lee

Links in a social network Hughes, Mehalik

Function Wright brothers, rocket boys
Design Wright brothers, rocket boys

The problem with this framework is that each study seemed to suggest the need
for yet another space. There is not always a clear line of demarcation between spaces.
For example, SciSim incorporates in vivo cases, which means that it can exist in a
kind of gray zone between in vitro and in vivo. Visualizations can be thought ex-
periments, ways of seeing the data, and mental models of a device or even of a social
network. Despite its shortcomings, this framework has heuristic value, both for or-
ganizing research already done and for suggesting directions for future work. For
example, only Bradshaw has worked with function and design spaces, and there is no
in vitro work on invention

Mehalik’s work demonstrated the need for mapping movements among spaces
across individuals over time. What would happen if we added time-scale to the
framework? Schun suggested that visualizations happen most reé)idly, with experi-
ments and hypotheses taking longer, and taxonomies even longer.” Hughes and Me-
halik remind us that time-scale is partly dependent on the extent to which each of
these activities depends on network-building.

This framework is also general enough to facilitate comparisions between discov-
ery, invention and artistic creation, as Ippolito noted. More comparisions of this sort
are needed.

3 . .
Personal communication.
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7 Future of Cognitive Studies of Science and Technology

Bruce Seely, a historian of technology on rotation at the NSF’s Science and Technol-
ogy Studies program, felt that the workshop showed how cognitive studies of science
and technology had grown in sophistication. highlighting the creators of new knowl-
edge in ways that complemented studies of users by other STS disciplines.

Tiha von Ghyczy, representing the Strategic Institute of the Boston Consulting
Group, noted that managers are happy to use any toothbrush that will help them im-
prove their business strategies, and they are also more concerned about practical re-
sults than methodological foundations. Still, he felt that managers would find lessons
from the workshop interesting. Strategies have a very short half-life; a successful
strategy is quickly imitated by competitors. Therefore, original thinking is essential
for business survival.

Besides business strategy and science-technology studies, a cognitive approach to
invention and discovery should also inform work in ‘mainstream’ cognitive science.
Theories and frameworks need to be able to deal in a rigorous way with the shared
and distributed character of scientific and technological problem solving, and also its
tacit dimension. We hope this workshop will suggest the outlines more sophisticated
theories and models might take. Ideally, anyone doing a computational model or deci-
sion-aid for discovery would base it on one or more fine-grained case studies. Tweney
and Dunbar have had particularly good success combining in vitro and in vivo ap-
proaches. We hope this workshop will encourage more collaborations between those
trained in spherical-horse approaches and those capable of going deeply into the de-
tails of particular discoveries and inventions.
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Abstract. Generating press clippings for companies manually requires
a considerable amount of resources. We describe a system that moni-
tors online newspapers and discussion boards automatically. The system
extracts, classifies and analyzes messages and generates press clippings
automatically, taking the specific needs of client companies into account.
Key components of the system are a spider, an information extraction
engine, a text classifier based on the Support Vector Machine that cate-
gorizes messages by subject, and a second classifier that analyzes which
emotional state the author of a newsgroup posting was likely to be in.
By analyzing large amount of messages, the system can summarize the
main issues that are being reported on for given business sectors, and can
summarize the emotional attitude of customers and shareholders towards
companies.

1 Introduction

Monitoring news paper or journal articles, or postings to discussion boards is an
extremely laborious task when carried out manually. Press clipping agencies em-
ploy thousands of personnel in order to satisfy their clients’ demand for timely
and reliable delivery of publications that relate to their own company, to their
competitors, or to the relevant markets. The internet presence of most publi-
cations offers the possibility of automating this filtering and analyzing process.
One challenge that arises is to analyze the content of a news story well enough to
judge its relevance for a given client. A second difficulty is to provide appropriate
overview and analyzing functionality that allows a user to keep track of the key
content of a potentially huge amount of relevant publications.

Software systems that spider the web in search of relevant information, and
extract and process found information are usually referred to as information
agents [162]. They are being used, for instance, to find interesting web sites
or links [19[12], or to filter news group postings (e.g., [26]). One attribute of
information agents is how they determine the relevance of a document to a user.

Content-based recommendation systems (e.g., [I]) judge the interestingness
of a document to the user based on the content of other documents that the user
has found interesting. By contrast, collaborative filtering approaches (e.g., [13]),
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draw conclusions based on which documents other users with similar preferences
have found interesting. In many applications, it is not reasonable to ask the
user to elaborate his or her preferences explicitly. Therefore, information agents
often try to learn a function that expresses user interest from user feedback; e.g.,
[26/18]. By contrast, a user who approaches a press clipping agency usually has
specific, elaborated information needs.

The problem of identifying predetermined relevant information in text or
hypertext documents from some specific domain is usually referred to as in-
formation extraction (IE) (e.g., [413]). In the news clipping context, several in-
stances of the information extraction problem occur. Firstly, press articles have
to be extracted from HTML pages where they are usually embedded between
link collections, adverts, and other surrounding text. Secondly, named entities
such as companies or products have to be identified and extracted and, thirdly,
meta-information such as publication dates or publishers need to be found.

While first IE algorithms were hand-crafted sets of rules (e.g., [7]), algorithms
that learn extraction rules from hand-labeled documents (e.g., [SIT4)6]) have
now become standard. Unfortunately, rule-based approaches sometimes fail to
provide the necessary robustness against the inherent variability of document
structure, which has led to the recent interest in the use of Hidden Markov
Models (HMMs) [25/T7J2T23] for this purpose.

In order to identify whether the content of a document matches one of the cat-
egories the user is interested in and to summarize the subjects of large amounts
of relevant documents, classifiers that are learned from hand-labeled documents
(e.g., [2411]) provide a means of categorizing a document’s content that reaches
far beyond key word search. Furthermore, it can be interesting to determine the
emotional state [9] of authors of postings about a company or product.

In this paper, we discuss a press clipping information agent that downloads
news stories from selected news sources, classifies the messages by subject and
business sector, and recognizes company names. It then generates customized
clippings that match the requirement of clients. We describe the general archi-
tecture in Section 2] and discuss the machine learning algorithms involved in
Section B] Section ] concludes.

2 Publication Monitoring System

Figure [M sketches the general architecture of the system. A user can configure
the information service by providing a set of preferences. These include the
names of all companies that he or she would like to monitor, as well as all
business areas (e.g., biotechnology, computer hardware) of interest The spider
cyclically downloads a set of newspapers, journals, and discussion boards. The
set of news sources is fixed in advance and not depending on the users’ choices.
All downloaded messages are recorded in a news database after the extraction
engine has stripped the HTML code in which the message is embedded (header
and footer parts as well as HTML tags, pictures, and advertisements).
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Fig. 1. Overview of the SemanticEdge Publication Monitoring System

The spider developed by SemanticEdge is configured by providing a set of
patterns which all URLs that are to be downloaded have to match. Typically,
online issues of newspapers have a fairly fixed site structure and only vary the
dates and story numbers in the URLs daily. Depending on the difficulty of the
site structure, configuring the spider such that all current news stories but no
advertisements, archives, or documents that do not directly belong to the news-
paper are downloaded, requires between one and four hours.

Text classifier, named entity recognizer, and emotional analyzer operate on
this database. The text classifier categorizes all news stories and newsgroup
postings whereas the emotional analyzer is only used for newsgroup postings; it
classifies the emotional state that a message was likely to be written in. For each
client company, a customized press clipping is generated, including summariza-
tion and visualization functionality.

The press clipping consists of a set of dynamically generated web pages that a
user can view in a browser after providing a password. The system visualizes the
number of publications by source, by subject, and by referred company. For each
entry, an emotional score between zero (very negative) and one (very positive)
is visualized as a red or green bar, indicating the attitude of the article (Fig. 2]),
or the set of summarized articles. Figure[d shows the list of all articles relevant
to a client, Figure [] shows the summary mode in which the system summarizes
all articles either from one news source, or about one company, or related to one
business sector per line. The average positive or negative attitude of the articles
summarized in one line is visualized by a red or green bar.

Several diagrams visualize the frequency of referrals to business sectors or
individual companies and the average expressed attitude (Figure M.

3 Intelligent Document Analysis

Document analysis consists of information extraction (including recognition of
named entities), subject classification, and emotional state analysis.
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Fig. 3. Press clipping for client company: company summary
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3.1 Information Extraction

Two main paradigms of information extraction agents which can be trained from
hand-labeled documents exist; algorithms that learn extraction rules (e.g., [S14]
6]) and statistical approaches such as Markov models [25]17], partially hidden
Markov models [2T)23] and conditional random fields [15].

Rule base information extraction algorithms appear to be particularly suited
to extract text from pages with a very strict structure and little variability
between documents. In order to learn how to extract the text body from the
HTML page of a Yahoo! message board, the proprietary rule learner that we use
needs only one example in order to identify where, in the document structure,
the information to be extracted is located. We can then extract text bodies from
other messages with equal HTML structure with an accuracy of 100%.

Many other information extraction tasks, such as recognizing company
names, or stock recommendations, rule based learners do not provide enough
robustness to deal with the high variability of natural language. Hidden Markov
models (HMMs) (see, [20] for an introduction) are a very robust statistical
method for analysis of temporal data. An HMM consists of finitely many states
{S1,...,Sn} with probabilities m; = P(q1 = S;), the probability of starting
in state S;, and a;; = P(qu+1 = Sjlge = S;), the probability of a transition
from state S; to S;. Each state is characterized by a probability distribution
bi(Oy) = P(O¢|lgs = S;) over observations. In the information extraction con-
text, an observation is typically a token. The information items to be extracted
correspond to the n target states of the HMM. Background tokens without label
are emitted in all HMM states which are not one of the target states.

HMM parameters can be learned from data using the Baum-Welch algorithm.
When the HMM parameters are given, then the model can be used to extract
information from a new document. Firstly, the document has to be transformed
into a sequence of tokens; for each token, several attributes are determined,
including the word stem, part of speech, the HTML context, attributes that
indicates whether the word contains letter, digits, starts with a capital letter
and other attributes. Thus, the document is transformed into a sequence of
attribute vectors.

Secondly, the forward-backward algorithm [20] is used to determine, for each
token, the most likely state of the HMM that it was emitted in. If, for a given
token, the most likely state is one of the background states, then this token
can be ignored. If the most likely state is one of the target states and thus
corresponds to one of the items to be extracted, then the token is extracted and
copied into the corresponding database field.

In order to adapt the HMM parameter, a user first has to label informa-
tion to be extracted manually in the example document. Such partially labeled
documents form the input to the learning algorithm which then generates the
HMM parameters. We use a variant of the Baum-Welch algorithm [23] to find
the model parameters which are most likely to produce the given documents and
are consistent with the labels added by the user.
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Figure [B] shows the GUI of the SemanticEdge information extraction envi-
ronment. HMM based and rule based learners are plugged into the system.
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Fig. 5. GUI of the information extraction engine

For specialized information extraction tasks such as finding company names
in news stories, specially tailored information extraction agents outperform more
general approaches such as HMMs. For instance, most companies that are being
reported about are listed at some stock exchange. To recognize these companies,
we only need to maintain a dynamically growing database.

3.2 Subject Classification

For the subject classification step, we have defined a set of message subject
categories (e.g., IPO announcement, ad hoc message) and a set of business sector
and markets categories. The resulting classifiers assign each message a set of
relevant subjects and sectors.

The classifier proceeds in several steps. First, a text is tokenized and the
resulting tokens are mapped to their word stems. We then count, for each word
stem and each example text, how often that word occurs in the text. We thus
transform each text into a feature vector, treating a text as a bag of words.
Finally, we weight each feature by the inverse frequency of the corresponding
word which has generally been observed to increase the accuracy of the resulting
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classifiers (e.g., [10l22]). This procedure maps each text to a point in a high-
dimensional space.

The Support Vector Machine (SVM) [11] is then used to efficiently find a
hyper-plane which separates positive from negative examples, such that the mar-
gin between any example and the plane is maximized. For each category we thus
obtain a classifier which can then take a new text and map it to a negative or
positive values, measuring the document’s relevance for the category.

During the application phase, the support vector machine returns, for each
category, a value of its decision function, that can range from large negative to
large positive values. It is necessary to define a threshold value from which on
a document is considered to belong to the corresponding category. There are
several criteria by which this threshold can be set; perhaps the most popular is
the precision recall breakeven point. The precision quantifies the probability of
a document really belonging to a class given that it is predicted to lie in that
class. Recall, on the other hand quantifies how likely it is that a document really
belonging to a category is in fact predicted to be a member of that class by the
classifier. By lowering the threshold value of the decision function we can increase
recall and decrease precision, and vice versa. The point at which precision equals
is often used as a normalized measure of the performance of classification and
IR methods. Varying the threshold leads to precision and recall curves. Figure
shows the GUI of our text SVM-based categorization tool.

*, SWH - Froriond V. 1.0
Fromcl Wodelrst Fropares  Help
Prodect: | ALL_MODELS.sp - SWM - Frontend v.1.0
CO=ETH - Wawe:(UST . lead || Sam |
O g7
DF'I'? Pomibives |00l ST TpoaPonter 2w | v Split: L
Oy pan -
o SIS TS Fodrd 24 | =1
Dy re Mgt |0 0615 LS TS TrsPoirder = . Crossall; folds
[ mes:
Do
[y cue
Dyece
N
[ Prave
|| meael Merachical  Precision: 0.07  Recall: 108 Roourscy: 0.0%
+ Load & Add . | | Global ievsckicsl Precisiom: ——%  Becall: --%  Bcouracys --%
[ Gen all Test all Generate | | Tost
|earn moded

Fig. 6. GUI of the text classification engine
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It is also possible to define the accuracy (the probability of the classifier
making a correct prediction for a new document) as a performance measure.
Unfortunately, many categories (such as IPO announcement) are so infrequent,
that a classifier which in fact never predicts that a document does belong to
this class can achieve an accuracy of as much as 99.9%. This renders the use of
accuracy as a performance metric less suited than precision/recall curves.

For each category, we manually selected about 3000 examples, between 60
and 700 of these examples were positives. Figure [[l shows precision, recall, and
accuracy of some randomly selected classes over the threshold value. The curves
are based on hold-out testing on 20% of the data. Note that, for many of these
classes such as xxx, the prior ratio of positive examples is extremely small (such
as 1.4%). Specialized categories, such as “initial public offering announcement”
can be recognized almost without error; “fuzzy” concepts like “positive marked
news” impose greater uncertainties.

3.3 Emotional Classification

In psychology, a space of universal, culturally independent base emotional states
have been identified according to the differential emotional theory (e.g., [59]);
ten clusters within this emotional space are generally considered base emotions.
These are interest, happiness, surprise, sorrow, anger, disgust, contempt, shame,
fear, guilt (Figure H.

While it is typically impossible to analyze the emotional state of the author
of a sober newspaper article, authors of newsgroup often do not conceal their
emotions. Given a posting, we use an SVM to determine, for each of the ten
emotional states, a score that rates the likelihood of that emotion for the author.
We average the scores over all postings related to a company, or to a product,
and visualize the result as in Figure @ We can project emotional scores onto a
“positive-negative” ray and visualize the resulting score as a red or green bar as
in Figure

We manually classified postings to discussion boards into positive, negative,
and neutral for each of the ten base emotional states. Emotional classification of
messages turned out to be a fairly noisy process; the judgment on the emotional
content of postings usually varies between individuals. Unfortunately, we found
no positive examples for disgust but between 2 and 21 positive and between 16
and 92 negative examples for the other states.

Figure Bl shows precision and recall curves for those emotions for which we
found most positive examples, based on 10-fold cross validation. As we expected,
recognizing emotions seems to be a very difficult task; in particular, from the
small samples available. Still the recognizer performs significantly better than
random guessing. Emotional classifiers with a rather high threshold can often
achieve reasonable precision values. Also, in many cases in which human and
classifier disagree, it is not easy to tell whether human or classifier are wrong.
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sury”, “mergers and acquisition”; second row: “positive” / “negative market and econ-
omy news”; third row: “initial public offering announcement”, “currency and exchange
rates”.
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Fig. 8. Precision, recall, and accuracy for emotional classification. First row: positive
versus negative, anger; second row: contempt, fear.

4 Conclusion

We describe a system that monitors online news sources and discussion boards,
downloads the content regularly, extracts the document bodies, analyzes mes-
sages by content and emotional state, and generates customer-specific press clip-
pings. A user of the system can specify his or her information needs by entering a
list of company names (e.g., the name of the own company and relevant competi-
tors) and selecting from a set of message types and business sectors. Information
extraction tasks are addressed by rule induction and hidden Markov modes; the
Support Vector Machine is used to learn classifiers from hand-labeled data. The
customer-specific news stories are listed individually, as well as summarized by
several criteria. Diagrams visualize how frequently business sectors or companies
are cited over time.

The resulting press clippings are generated in near real-time and fully au-
tomatically. This tool enables companies to keep track of how they are being
perceived in news groups and in the press. It is also inexpensive compared to
press clipping agencies. On the down side, the system is certain to miss all news
stories that only appear in printed issues. Also, the classifier has a certain inac-
curacy which imposes the risk of missing relevant articles. Of course, this risk is
also present with press clipping agencies. Nearly all studied subject categories
can be recognized very reliably using support vector classifiers.
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Abstract. In recent years, it has been shown that methods from In-
ductive Logic Programming (ILP) are powerful enough to discover new
first-order knowledge from data, while employing a clausal representa-
tion language that is relatively easy for humans to understand. Despite
these successes, it is generally acknowledged that there are issues that
present fundamental challenges for the current generation of systems.
Among these, two problems are particularly prominent: learning deep
clauses, i.e., clauses where a long chain of literals is needed to reach
certain variables, and learning wide clauses, i.e., clauses with a large
number of literals. In this paper we present a case study to show that
by building on positive results on acyclic conjunctive query evaluation
in relational database theory, it is possible to construct ILP learning al-
gorithms that are capable of discovering clauses of significantly greater
depth and width. We give a detailed description of the class of clauses
we consider, describe a greedy algorithm to work with these clauses, and
show, on the popular ILP challenge problem of mutagenicity, how indeed
our method can go beyond the depth and width barriers of current ILP
systems.

1 Introduction

In recent years, it has been shown that methods from Inductive Logic Program-
ming (ILP) [23,32] are powerful enough to discover new first-order knowledge
from data, while employing a clausal representation language that is relatively
easy for humans to understand. Despite these successes, it is generally acknowl-
edged that there are issues that present fundamental challenges for the current
generation of systems. Among these, two problems are particularly prominent:
learning deep clauses, i.e., clauses where a long chain of literals is needed to reach
certain variables, and learning wide clauses, i.e., clauses with a large number of
interconnected literals.
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In current ILP systems, these challenges are reflected in system parameters
that bound the depth and width of the clauses, respectively. Practical experience
in applications shows that tractable runtimes are achieved only when setting the
values of these parameters to small values; in fact it is not uncommon to limit
the depth of clauses to two or three, and their width to four or five. In a recent
study, Giordana and Saitta [10] have shown, based on empirical simulations, that
indeed there seems to be a fundamental limit for current ILP systems, and that
this limit might in large parts be due to the extreme growth of matching costs,
i.e., the cost of determining if a clause covers a given example. Thus, if matching
costs could be reduced, it should be possible to learn clauses of significantly
greater depth and width than currently achievable.

In this paper, we present an ILP algorithm and a case study which provide
evidence that indeed this seems to be the case. In our algorithm, we build on
positive complexity results on conjunctive query evaluation in the area of rela-
tional database theory, and employ the class of acyclic conjunctive queries where
the matching problem is known to be tractable. In the domain of mutagenicity,
we show that using our algorithm it is indeed possible to discover structural
relationships that must be expressed in clauses that have significantly greater
depth and width than those currently learnable. In fact, the additional predic-
tive power gained by these deep and wide structures has allowed us to reach a
predictive accuracy comparable to the one attained in previous studies, without
using the additional numerical information available in these experiments.

The paper is organized as follows. In Section 2, we first briefly introduce the
learning problem that is usually considered in ILP. In Section 3, we present a
more detailed introduction into the matching problem and discuss the state of
the art in related work on the issue. In Section 4, we then formally define the class
of acyclic clauses that is used in this work, and describe its properties. Section 5
discusses our greedy algorithm which uses this class of clauses to perform ILP
learning. Section 6 contains our case study in the domain of mutagenesis, and
Section 7 concludes.

2 The ILP Learning Problem

The ILP learning problem is often simply defined as follows (see, e.g., [32]).

Definition 1 (ILP prediction learning problem). Given

a vocabulary consisting of finite sets of function and predicate symbols,

a background knowledge language Lp, an example language Lg, and an hy-
pothesis language Ly, all over the given vocabulary,

background knowledge B expressed in Lp, and

— sets ET and E~ of positive and negative examples expressed in L

such that B is consistent with ET and E~ (BUETUE™ [ 0), find a learning
hypothesis H € Ly such that
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(i) H is complete, i.e., together with B entails the positive examples (H U B |=
E*)
(i) and H is correct, i.e., is consistent with the negative examples (H U B U

EtUE- EDO).

This problem is called the prediction learning problem because the learning
hypothesis H must be such that together with B it correctly predicts (derives,
covers) the positive examples, and does not predict (derive, cover) the negation
of any negative example as true (otherwise the hypothesis would be inconsistent
with the negative examples). For instance, if flies(tweety) is a positive example
and —flies(bello) a negative one then flies(bello) must not be predicted®.

In order to decide conditions (i) and (ii) in the above definition, one has to
decide for a single e € ET U E~ whether H U B = e. This decision problem is
called the matching or membership problem. We note that in the general problem
setting defined above, the membership problem is not decidable. Therefore, in
most of the cases implication is replaced by clause subsumption defined as follows.
Let C7 and C5 be first-order clauses. We say that C; subsumes Cs, denoted by
C1 < Oy, if there is a substitution 6 (a mapping of Cy’s variables to Cy’s terms)
such that C16 C Cy (for more details see, e.g., [25]).

3 The Matching Problem: State of the Art

One of the reasons why the width and depth of the clauses in the hypothesis
language are usually bounded by a small constant is that even in the strongly
restricted ILP problem settings the membership problem is still NP-complete.
For instance, consider the ILP prediction learning problem, where (non-constant)
function symbols are not allowed in the vocabulary, the background knowledge is
an extensional database (i.e., it consists of ground atoms), examples are ground
atoms, and the hypothesis language is a subset of the set of definite non-recursive
first-order Horn clauses, or in other words, it is a subset of the set of conjunctive
queries [1,30]. This is one of the problem settings most frequently considered in
ILP real-word applications. Although in this setting, the membership problem,
i.e., the problem of deciding whether a conjunctive query implies a ground atom
with respect to an extensional database, and implication between conjunctive
queries are both decidable, they are still NP-complete [6]. In the ILP commu-
nity, both of these problems are viewed as instances of the clause subsumption
problem because implication is equivalent to clause subsumption in the prob-
lem setting considered (see, e.g., [11]). These decision problems play a central
role e.g. in top-down ILP approaches (see, e.g., [25] for an overview), where
the algorithm starts with an overly general clause, for instance with the empty
clause, and specializes it step by step until a clause is found that satisfies the
requirements defined by the user.

! Strictly speaking the above setting only refers to the training error of a hypothesis
while ILP systems actually seek to minimize the true error on future examples.
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As mentioned above, subsumption between first-order clauses is one of the
most important operators used in different ILP methods. Since the clause sub-
sumption problem is known to be NP-complete, different approaches can be
found in the corresponding literature that try to solve it in polynomial time.
Among these, we refer to the technique of identifying tractable subclasses of
first-order clauses (see, e.g., [12,18,26]), to the earlier mentioned phase transi-
tions in matching [10], and to stochastic matching [27].

In general, clause subsumption problem can be considered as a homomor-
phism problem between the relational structures that correspond to the clauses,
as one has to find a function between the universes of the structures that pre-
serves the relations (see, e.g., [16]). Homomorphisms between relational struc-
tures appear in the query evaluation problems in relational database theory or
in the constraint-satisfaction problem in artificial intelligence (see, e.g., [19]). In
particular, from the point of view of computational complexity, the query evalua-
tion problem for the above mentioned class of conjunctive queries is well-studied.
Research in this field goes back to the seminal paper by Chandra and Merlin [6]
in the late seventies, who showed that the problem of evaluating a conjunctive
query with respect to a relational database is NP-complete. In [33], Yannakakis
has shown that query evaluation becomes computationally tractable if the set of
literals in the query forms an acyclic hypergraph. This class of conjunctive queries
is called acyclic conjunctive queries. In [13], Gottlob, Leone, and Scarcello have
shown that acyclic conjunctive queries are LOGCFL-complete. The relevance of
this result, besides providing the precise complexity of acyclic conjunctive query
evaluation, is that acyclic conjunctive query evaluation is highly parallelizable
due to the nature of LOGCFL. The positive complexity result of Yannakakis
was then extended by Chekuri and Rajaraman [7] to cyclic queries of bounded
query-width.

Despite the fact that the class of conjunctive queries is one of the most
frequently considered hypothesis language in ILP, and that acyclic conjunctive
queries form a practically relevant class of database queries, to our knowledge
only the recent paper [15] by Hirata has so far been concerned with acyclic con-
junctive queries from the point of view of learnability?. In that paper, Hirata has
shown that, under widely believed complexity assumptions, a single acyclic con-
junctive query is not polynomially predictable, and hence, it is not polynomially
PAC-learnable [31]. This means that even though the membership problem for
acyclic clauses is decidable in polynomial time, under worst-case assumptions the
problem of learning these clauses is hard, so that practical learning algorithms,
such as the one presented in section 5, must resort to heuristic methods.

2 The notion of acyclicity appears in the literature of ILP (see, e.g., [2]), but is different
from the one considered in this paper.
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4 Acyclic Conjunctive Queries

In this section we give the necessary notions related to acyclic conjunctive queries
considered in this work. For a detailed introduction to acyclic conjunctive queries
the reader is referred to e.g. [1,30] or to the long version of [13].

For the rest of this paper, we assume that the vocabulary in Definition 1
consists of a set of constant symbols, a distinguished predicate symbol called the
target predicate, and a set of predicates called the background predicates. Thus,
(non-constant) function symbols are not included in the vocabulary. Examples
are ground atoms of the target predicate, and the background knowledge is an
extensional database consisting of ground atoms of the background predicates.
Furthermore, we assume that hypotheses in Ly are definite non-recursive first-
order clauses, or in the terminology of relational database theory, conjunctive
queries of the form

L0<—L1,...,Ll

where L is a target atom, and L; is a background atom for ¢ = 1,...,[. In what
follows, by Boolean conjunctive queries we mean first-order goal clauses of the
form

<—L1,...,Ll

where the L;’s are all background atoms.

In order to define a special class of conjunctive queries, called acyclic conjunc-
tive queries, we first need the notion of acyclic hypergraphs. A hypergraph (or
set-system) H = (V, E) consists of a finite set V' called vertices, and a family E of
subsets of V' called hyperedges. A hypergraph is a-acyclic [9], or simply acyclic, if
one can remove all of its vertices and edges by deleting repeatedly either a hyper-
edge that is empty or is contained by another hyperedge, or a vertex contained by
at most one hyperedge [14,34]. Note that acyclicity as defined here is not a hered-
itary property, in contrast to e.g. the standard notion of acyclicity in ordinary
undirected graphs, as it may happen that an acyclic hypergraph has a cyclic sub-
hypergraph. For example, consider the hypergraph H = ({a, b, c},{e1, €2, e3,€4})
with e; = {a,b}, ea = {b, ¢}, e3 = {a,c}, and ey = {a,b,c}. This is an acyclic
hypergraph, as one can remove step by step first the hyperedges e1, es, es (as
they are subsets of e4), then the three vertices, and finally, the empty hypergraph
is obtained by removing the empty hyperedge that remained from e4. On the
other hand, the hypergraph H' = ({a,b,c},{e1,e2,e3}), which is a subhyper-
graph of H, is cyclic, as there is no vertex or edge that could be deleted by the
above definition. In [9], other degrees of acyclicity are also considered, and it is
shown that among them, a-acyclic hypergraphs form the largest class properly
containing the other classes.

Using the above notion of acyclicity, now we are ready to define the class of
acyclic conjunctive queries. Let () be a conjunctive query and L be a literal of Q.
We denote by Var(Q) (resp. Var(L)) the set of variables occurring in @ (resp. L).
We say that @ is acyclic if the hypergraph H(Q) = (V, E) with V = Var(Q) and
E = {Var(L) : L is a literal in Q} is acyclic. For instance, from the conjunctive
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queries

P(X,Y,X) — R(X,Y),R(Y, Z), R(Z, X)
P(X,Y,Z) « R(X,Y),R(Y,Z),R(Z,X)

the first one is cyclic, while the second one is acyclic.

In [3] it is shown that the class of acyclic conjunctive queries is identical to
the class of conjunctive queries that can be represented by join forests [4]. Given
a conjunctive query @, the join forest JF(Q) representing () is an ordinary
undirected forest such that its vertices are the set of literals of @), and for each
variable € Var(Q) it holds that the subgraph of JF(Q) consisting of the
vertices that contain x is connected (i.e., it is a tree).

Now we show how to use join forests for efficient acyclic query evaluation.
Let E be a set of ground target atoms and B be the background knowledge
as defined at the beginning of this section, and let @ be an acyclic conjunctive
query with join forest JF(Q). In order to find the subset £’ C E implied by @
with respect to B, we can apply the following method. Let Ty, T3, ..., T (kK > 0)
denote the set of connected components of JF(Q), where Tj denotes the tree
containing the head of @, and let Q); C @ denote the query represented by T;
for i = 0,...,k. The definition of the @;’s implies that they form a partition
of the set of literals of ) such that literals belonging to different blocks do not
share common variables. Therefore, the subqueries Qo, ..., @ can be evaluated
separately; if there is an i, 1 < i < k, such that the Boolean conjunctive query
is false with respect to B then () implies none of the elements of E with respect
to B, otherwise () and )¢ imply the same subset of E with respect to B. By
definition, @)y implies an atom e € F if there is a substitution mapping the head
of Qo to e and the atoms in its body into B, and @; (1 < ¢ < k) is true with
respect to B if there is a substitution mapping @Q;’s atom into B. That is, using
algorithm EVALUATE given below, @ implies E’ with respect to B if and only if

k
(E' C EVALUATE(B U E, Tp)) A </\(EVALUATE(B,T¢) # (Z)))
i=1

It remains to discuss the problem of how to compute a join forest for an
acyclic conjunctive query. Using maximal weight spanning forests of ordinary
graphs, in [4] Bernstein and Goodman give the following method to this problem.
Let @ be an acyclic conjunctive query, and let G(Q) = (V, E,w) be a weighted
graph with vertex set V. = {L : L is a literal of Q}, edge set E = {(u,v) :
Var(u) N Var(v) # 0}, and with weight function w : E — IN defined by

w: (u,v) — |[Var(u) N Var(v)] .

Let MSF(Q) be a maximal weight spanning forest of G(Q). Note that maximal
weight spanning forests can be computed in polynomial time (see, e.g., [8]). It
holds that if @ is acyclic then MSF(Q) is a joint forest representing Q. In ad-
dition, given a maximal weight spanning forest M .SF(Q) of a conjunctive query
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algorithm EVALUATE

input: extensional database D and join tree 7T with root
labeled by no
output: {nof: 0 is a substitution mapping the nodes of 7T into D}

let R={nof: 0 is a substitution mapping no into D}
let the children of np be labeled by ni,...,ni (k>0)
for ¢ =1 to k

S = evaluate(D,T;) // T; is the subtree of T rooted at n;
R = the natural semijoin of R and S wrt. no and n;

endfor

return R

@, instead of using the method given in the definition of acyclic hypergraphs, in
order to decide whether Q is acyclic, one can check whether the equation

Z w(u,v) = Z (Class(xz) — 1) (1)

(u,v)EMSF(Q) zeVar(Q)

holds, where Class(x) denotes the number of literals in @ that contain z (see
also [4]).3

5 A Greedy Algorithm

The goal of our learning algorithm is to discover sets of acyclic clauses that
together are correct and complete. From the results of [16] on learning multi-
ple clauses it follows that this problem is NP-hard, so we resort to a greedy
sequential covering algorithm (see, e.g., [21]) as it is commonplace in ILP. Our
sequential covering algorithm takes as input the background knowledge B and
the set E of examples, calls the subroutine SINGLECLAUSE for finding an acyclic
conjunctive query @, then updates F by removing the positive examples implied
by @ with respect to B, and starts the process again until no new rule is found by
the subroutine. It finally prints as output the set of acyclic conjunctive queries
discovered.

Now we turn to the problem of how to find a single acyclic conjunctive
query?. In order to give the details on the subroutine SINGLECLAUSE called by

3 The reason why Class(z) — 1 is used in (1) is that the number of edges in a tree is
equal to its number of vertices minus 1.

We note that the general problem of finding a single consistent and complete (not
necessarily acyclic) conjunctive query is a PSPACE-hard problem [17] and it is an
open problem whether it belongs to PSPACE (see also [16]). On the other hand, it
is not known whether it remains PSPACE-hard for the class of acyclic conjunctive
queries considered in this work, or to the other three classes corresponding to 3, v,
and Berge-acyclicity discussed in [9].

4
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the algorithm, we first need the notion of refinement operators (see Chapter 17
in [25] for an overview). We recall that a special ILP problem setting defined at
the beginning of the previous section is considered. Fix the vocabulary and let
L denote the set of acyclic conjunctive queries over the vocabulary. A downward
refinement operator is a function p : L — 2% such that Q<Q, for every Q; € L

and Q2 € p(Q1).

algorithm SINGLECLAUSE

input: background knowledge B and set F = FET UFE~ of examples
output: either () or an acyclic conjunctive query BEST satisfying
|CovERS(BEST, B, ET)|/|ET| > Pcov and AcCCURACY(BEST, B, E) > Pacc

BEAM = {P(z1,...,2n) <} // P denotes the target predicate
BEST = ()
LASTCHANGE = 0
repeat
NEWBEAM = ()
forall C € BEAM
forall C' € p(C)
if |CoveRrs(C’, B, E™)|/|ET| > Pcov then
if Accuracy(C’, B, E) > max(Pacc, ACCURACY(BEST, B, E)) then
BesT = C’
LASTCHANGE =0
endif
update NEWBEAM by C'
endif
endfor
endfor
LASTCHANGE = LASTCHANGE + 1
BEAM = NEWBEAM
until BEAM = () or LASTCHANGE > P,
return BEST

hange

Algorithm SINGLECLAUSE applies beam search for finding a single acyclic
conjunctive query. Its input is B and the current set E of examples. It returns the
acyclic conjunctive query BEST that covers a sufficiently large (defined by Peoy)
part of the positive examples and has accuracy at least Pycc, where Peoy and
Pycc are user defined parameters. If it has not found such an acyclic conjunctive
query, then it returns the empty set. In each iteration of the outer (repeat)
loop, the algorithm computes the refinements for each acyclic conjunctive query
in the beam stack, and if a refinement is found that is better than the best
one discovered so far then it will be the new best candidate. The beam stack is
updated according to the rules’ quality measured by ACCURACY. Finally we note
that the outer loop is terminated if no candidate refinement has been generated
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or in the last Pchange iterations of the outer loop the best rule has not been

changed, where P,

change 1S & user defined parameter.

6 Case Study: Mutagenesis

Chemical mutagens are natural or artificial compounds that are capable of caus-
ing permanent transmissible changes in DNA. Such changes or mutations may
involve small gene segments as well as whole chromosomes. Carcinogenic com-
pounds are chemical mutagens that alter the DNA’s structure or sequence harm-
fully causing cancer in mammals. A huge amount of research in the field of
organic chemistry has been focusing on identifying carcinogen chemical com-
pounds.

The first study on using ILP for predicting mutagenicity in nitroaromatic
compounds along with providing a Prolog database was published in [29]. This
database consists of two sets of nitroaromatic compounds from which we have
used the regression friendly one containing 188 compounds. Depending on the
value of log mutagenicity, the compounds were split into two disjoint sets (active
consisting of 125 and inactive consisting of 63 compounds). The basic structure
of the compounds is represented by the background predicates ‘atm’ and ‘bond’
of the form

atm(Compound_Id,Atom _Id,Element, Type,Charge),
bond(Compound_Id,Atom1_Id,Atom2_Id,BondType) ,

respectively. Thus, the background knowledge B can be considered as a la-
beled directed graph. In order to work with undirected graph, for each fact
bond(c, u,v,t) we have added a corresponding fact bond(c, v, u,t) to B. In ad-
dition, in our experiments we have also included the background predicates

— benzene, carbon_6_ring, hetero_aromatic_6_ring, ring6,
— carbon_5_aromatic_ring, carbon_5_ring, hetero_aromatic_5_ring, ring5,
— nitro, and methyl.

These predicates define building blocks for complex chemical patterns (for their
definitions see the Appendix of [29]). We note that we have not used the available
numeric information (i.e., charge of atoms, log P, and erumo)-

In our experiments we used a simple refinement operator allowing only adding
new literals to the body of an acyclic conjunctive query, and not allowing the
usual operators such as unification of two variables or specialization of a variable.
That is, a refinement of an acyclic conjunctive query is obtained by selecting one
of its literals, and, depending on the predicate symbol of the selected literal, by
adding a set of literals to its body as follows. If the literal is the head of the
clause we add either a single 'atm’ literal or a set of literals corresponding to one
of the building blocks. If the literal selected is an ’atm’ then we add either a new
atom connected by a bond fact with the selected one, or we add a building block
containing the selected atom. If a bond literal has been selected then we add a
building block containing the current bond. Such building blocks are a common
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element specifiable in several declarative bias languages already in use in ILP

(see e.g. the relational clichés of FOCL [28] or the lookahead specifications of

TILDE [5]); at present, they are simply given as part of the refinement operator®.
As an example, let

Q : active(xy,22) «— ..., L, ...

be an acyclic conjunctive query, where L = bond(x1, z;, z;, 7). Then a refinement
of @ with respect to L and building block benzene is the acyclic conjunctive query

Q" = QU {bond(x1,x;,y1,7), bond(z1,y1,y2,7), bond(x1,y2,y3, 7),
bond(z1,y3,ya, 7), bond(w1, y4, x;, 7), atm(z1, y1, ¢, u1, v1),
atm(z1, Yo, ¢, Uz, v2), atm(x1, Y3, ¢, uz, v3), atm(w1, ya, ¢, us, v4),
benzene(z1, i, Tj, Y1,Y2, Y3, Y1)} »

where the y’s, u’s, and v’s are all new variables. Note that despite the fact that
the new bond literals together with L form a cycle of length 6, Q' is acyclic,
as we have also attached the benzene literal containing the six corresponding
variables. It holds in general that the refinement operator used in our work does
not violate the acyclicity property. Finally we note that only properly subsumed
refinements have been considered (i.e., if Q' is a refinement of @ then Q' £ Q).

In order to see how our restriction on the hypothesis language influences the
predictive accuracy, we have used 10-fold cross-validation with the 10 partitions
given in [29]. Setting parameters Peoy to 0.1, Pacc to 125/188 (default accuracy),
the size of the beam stack to 100, and Pchange to 3 (note that this is not a
depth bound), we obtained 87% accuracy. Using the ILP system Progol [22], the
authors of [29] report 88% accuracy, and a similar result, 89% was achieved by
STILL [27] on the same ten partitions. However, in contrast to our experiment,
in the Progol and STILL experiments, the numeric information was considered
as well.

As an example, one of the rules discovered independently in each of the ten
runs is

active(x1, x2) «—
atm(x, 3, ¢, 27, x4),
bond(z1, ©3, 5, 25), bond(z1, T5, T, T26), bond(z1, e, T7, Ta7),
bond(z1, 27, g, T2g), bond(z1, T35, T9, T29), bond(z1, Tg, 3, T30),
atm(xy, x5, T10, T11, T12), atm(z1, Te, 13, T14, T15), atm(x1, x7, T16, T17, T18),
atm(z1, s, T19, T20, T21), atm(x1, Tg, T2, Tag, T24),
ring6(x1, T3, s, T6, T7, T3, Tg),
bond(z1, x7, x31, Z32), atm(z1, T31, ¢, 27, T33) (2)

Note that the use of such building blocks facilitates the search by making wide and
deep clauses reachable in fewer steps, but of course does not change the complexity
of the membership problem. Thus, even when given these building blocks, such
clauses would be difficult to learn for other ILP learners due to the intractable cost
of matching.
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(see also Fig. 1). Applying the notion of variable depth given in [25], the depth
of the above rule is 7 according to the depth of the deepest variable xs5. Further-
more, its width is 15. Finally we note that using the standard Prolog backtracking
technique, just evaluating the single rule above would take on the order of hours.

z3 (element: carbon, atom type: 27)

x5 X9

Te xrg

x31 (element: carbon, atom type: 27)

Fig. 1. A graphical representation of the body of rule (2).

7 Conclusion

In this paper, we have taken the first steps towards discovery of deep and wide
first-order structures in ILP. Taking up the argument recently put forward by
[10], our approach centrally focuses on the matching costs caused by deep and
wide clauses. To this end, from relational database theory [1,30], we have in-
troduced a new class of clauses, a-acyclic conjunctive queries, which has not
previously been used in practical ILP algorithms. Using the algorithms sum-
marized in this paper, the matching problem for acyclic clauses can be solved
efficiently. As shown in our case study in the domain of mutagenicity, with an
appropriate greedy learner as presented in the paper, it is then possible to learn
clauses of significantly greater width and depth than previously feasible, and
the additional predictive power gained by these deep and wide structures has in
fact allowed us to reach a predictive accuracy comparable to the one attained in
previous studies, without using the addition numerical information available in
these experiments.

Based on these encouraging preliminary results, further work is necessary
to substantiate the evidence presented in this paper. Firstly, in the case study
presented here, we have used quite a simple greedy algorithm, so that further
improvements seen possible with more sophisticated search strategies (see e.g.
[20]). Secondly, further experiments are of course necessary to examine in which
type of problem the advantages shown here will also materialize; we expect this
to be the case in all problems involving structurally complex objects or rela-
tionships. To facilitate the experiments, we will switch to a refinement operator
based on a declarative bias language (see [24] for an overview), as is common-
place in ILP. Finally, it appears possible to generalize our results to an even
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larger class of clauses, by considering certain classes of cyclic conjunctive queries
which are also solvable in polynomial time (see e.g. [7]).
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Abstract. We propose a preprocessing method for Web mining which,
given semi-structured documents with the same structure and style, dis-
tinguishes useless parts and non-useless parts in each document without
any knowledge on the documents. It is based on a simple idea that any
n-gram is useless if it appears frequently. To decide an appropriate pair
of length n and frequency a, we introduce a new statistic measure al-
ternation count. It is the number of alternations between useless parts
and non-useless parts. Given news articles written in English or Japanese
with some non-articles, the algorithm eliminates frequent n-grams used
for the structure and style of articles and extracts the news contents and
headlines with more than 97% accuracy if articles are collected from the
same site. Even if input articles are collected from different sites, the
algorithm extracts contents of articles from these sites with at least 95%
accuracy. Thus, the algorithm does not depend on the language, is robust
for noises, and is applicable to multiple formats.

1 Introduction

Data mining is a research field to develop tools that find useful knowledge from
databases [3l4]14]. In this field, databases is assumed to have explicit and static
structures. On the other hand, resources on the WWW do not have such struc-
tures. Web mining is a field of mining from such resources and text mining is
mining from unstructured or semi-structured documents. We consider Web or
text mining from semi-structured documents. A semi-structured document have
tree structures, such as HTML/XML files, BiBTeX files, etc [I].

Since resources on the Web are widely distributed and heterogeneous, it is
important to collect documents and clean them. When we collect a large amount
of documents, we use hyperlinks for efficiency. For example, search engines pro-
vide hyperlinks. Since a hyperlink is not created by the collecter, we can not
assume that collected documents are well cleaned. Some of them are written in
different languages and are far from the desired topic. Thus, Web mining algo-
rithms and preprocessors should be robust for noise and should be applicable to
any natural and markup languages.

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 113-[127] 2001.
© Springer-Verlag Berlin Heidelberg 2001
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Usual mining algorithms assume that collected documents are written in the
same language and preprocess them with some knowledge, such as the gram-
mar of HTML to remove tags, stop word lists [10], stemming technique [15],
morpheme analysis, etc. They depends on natural and markup languages. Some
algorithms require additional input documents as background knowledge. In ad-
dition to an input set of documents, the algorithm in [5] requires another set of
documents in order to remove substrings highly common to both sets.

In this paper, we present an algorithm that cleans collected documents with-
out any knowledge on them. From input documents, this algorithm finds a set
of frequent n-grams. Using this set, we can eliminate tags or directives, and
stereotyped expressions in the documents because they are common to the col-
lected documents and so useless. Eliminating or finding useless parts contrasts
with usual mining algorithms which find useful knowledge such as association
rules [3], association patterns [], word association patterns [5], and episode
rules [14].

An input for our algorithm is a set of semi-structured documents which
contain the same structure and style such as static Web pages in the same site
or dynamic pages generated with search facility. Since the number of Web sites
providing search facilities is increasing [7], the number of Web pages applicable
to our algorithm is large. In such pages, there exist frequent substrings, such as
the name of the site, navigation and advertisement links, etc. Moreover, there
exist common tags or directives which structure texts because they have the
same structure and style. If we see such pages, we usually put our mind on the
variable part and ignore invariable parts. In this sense, substrings to describe
the same structure and style in such pages are useless.

We treat a document as just a string and define any frequent n-grams are
useless. An n-gram is just a string with length n, so that our algorithm does
not depend on natural and markup languages. Once an appropriate pair (n,a),
which is called a cut point, of a length n and frequency a is decided, we divide
each of documents into two parts using the pair as follows: if the frequency of an
n-gram is in the top a percent of the frequencies of all n-grams, then the n-gram
is useless.

To decide an appropriate pair (n,a), we introduce a new statistic measure
alternation count. It is the number of changes between useless parts and non-
useless parts in a document. For a set D of documents, alternation count of D
is the sum of all alternation counts. An alternation count shows how many
times useless (or non-useless) parts appear in documents. A large alternation
count splits a document into too small pieces. In this case, structures of each
document are destroyed. Therefore, our algorithm searches cut points from (2,1)
while the alternation count of the current cut point is decreasing. The algorithm
stops if the alternation count becomes to be greater than the current one when
it increases n or a by one.

We define an optimal cut point (n,a) which attains a locally minimum alter-

nation count and develop an algorithm that finds an optimal cut point. It runs
in O(n?N + nNlog N) time, where N is the total length of input and n is the
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length of an optimal cut point. Experimentally, n is less than 30 and n < N, so
the time complexity is approximately O(N log N).

We present experimental results using news articles as input for the algo-
rithm. The articles are written in English or Japanese. For articles collected
from the same site, the algorithm detects the tag regions of HTML files and
highly common expressions in the articles as useless. It extracts the news con-
tents as non-useless parts with more than 97% accuracy even if non-articles
are contained as noise data. Therefore, the algorithm does not depend on the
language and is robust for noises.

To evaluate experimental results, we manually define non-useless parts of
articles for each data set. Comparing the manually defined division with the
division by the algorithm, the accuracy is defined to be the number of letters
categorized to the same part (useless or non-useless) to the total length of the
input.

We also evaluate the accuracy for documents collected from different sites
with any combination of English and Japanese sites. The algorithm extracts
contents of articles from these sites with at least 95% accuracy. Since the algo-
rithm simply counts n-gram frequencies, a extremely small set of articles would
be ignored in a combination with large data sets. However, some expriments
show that the algorithm detects the contents of articles in such a small set as
well as those in a large set.

This paper is organized as follows. In the next section, basic notations are
given and then the key notion, the alternation count, is introduced. In Section [B]
we present an algorithm that divides a document of given documents into useless
and non-useless parts. Complexity required by the algorithm is presented in
Section Bl Experimental results are shown in Section [4l.

2 Alternation Count and Optimal Cut Point

2.1 Preliminaries

The set X' is a finite alphabet. Let = a1 - - - a,, (a; € X for each i) be a string
over Y. We denote the length of = by |z|. An n-gram is a string whose length
is n. For an integer 1 < i < |z|, we denote by z[i] the ith letter of . Let x and y
be two strings. The concatenation of  and y is denoted by x -y or simply by zy.
We denote © = y if |z| = |y| and x[i] = y[i] for each 1 < i < |z].

For a string x, if there exist strings w,v,w € X* such that x = uvw, we say
that v is a substring of . An occurrence of v in x is a positive integer 7 such
that [i] - - - z[i + |v| — 1] = v. Using the occurrence and the length of v, v is also
denoted by z[i..i + |v| — 1].

If ¥ = {0,1}, then a string over X is called a binary string. For i € X and
x € X*, [z]; denotes the number of i’s in z. For two binary strings « and y with
the same length, bitwise “and” and “exclusive-or” operations defined as follows.
x&y is a binary string with length |z| such that z&yli] = 1 if z[i]] = y[i] = 1
and z&y[i] = 0 otherwise. 2~y is also a binary string with length |z| such that
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xy[i] = 1 if z[i] # y[i] and z"y[i] = 0 otherwise. For example, if z = 01101 and
y = 11100, then 2&y = 01100, 2"y = 10001, [z&ylo = 3, and [z y]; = 2.

Let x be a string (not limited to be binary) and W = {vy,...,v,} be a set
of substrings of x. A range string of W on z, denoted by r,(W), is a binary
string with length |z| such that r,(W)[j] = 0if ¢ < j < i+ |vx| — 1 for some
occurrence i of vy (1 < k < n) and r,(W)[j] = 1 otherwise. A successive 0’s
on the range string shows intervals on = covered by the substrings in W. For
example, let x = accbaacbc and W = {cb, ba}. Then r, (W) = 110001001.

2.2 Alternation Count

In this section, we introduce the key notion alternation count. We consider semi-
structured documents with the same structure and style such as static pages
of one site and dynamic pages created by a search facility. In such documents,
there exists frequent substrings for the structure and style and many users are
not interested in them. Therefore, we define useless parts of documents as follows.

Definition 1. Let D be a set of strings. Then, a substring of a string in D is
said to be useless when it appears frequently in D.

We treat a semi-structured document as just a string. Note that we do not define
“importance”, “siginificance”, or “usefulness” like other researchs on text and
Web mining.

Next, we consider how many times a substring appears we can say that it
does “frequently”. The measure for it is new notion alternation count. It is, given
a string and a set of substrings of the string, the number of changes from a part
of the string covered by given substrings to the other part, and vice versa.

Definition 2. Let x be a string and W be a set of substrings of x. Then, the
alternation count of W on x, which is denoted by A,(W), is the number of
boundaries between different value’s (0 and 1) on the range string r,(W).

Ezample 1. Let * = accbaacbe and W = {cb,ba}. Then A,(W) = 4 because
x = accbaacbe (a part of underlined letters is ¢b or ba) and r, (W) = 110001001.

The above definition is easily extended to a set of strings instead of a single
string x. The alternation count of W on a set D of strings is the sum of alter-
nation counts of z € D and denoted by Ap(W).

2.3 Optimal Cut Point

Our algorithm is required to receive a set of semi-structured documents and
divide them into two parts of substrings — useless parts and non-useless parts.

Since we treat a semi-structured document as just a string, an input for
our algorithm is a set D = {x1,xa,...,x,} of strings. To express useless or non-
useless parts, we use a set of substrings of z; € D. Thus, our algorithm is required
to receive D and decide W such that consecutive 0’s on 7., (W) (i =1,2,...,n)
cover substrings on x; for the structure and style.
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[ string

substring for structure and style

frequent substring

Useless (gray) and non-useless (white) parts

Frequent substrings (black) appears both parts.

Fig. 1. Two strings are the same. The above one shows that where are substrings for
the structure and style. The other one shows that the frequent substrings (black parts)
fails to cover gray parts

The most simple method to find frequent substrings of D is to enumerate
all substrings of D and decide a boundary between frequent substrings and
non-frequent ones according to some measure. However, W constructed by this
method may contain short substrings and they appears in non-useless parts as
well as useless parts. And, the method requires a large time complexity because
there exist O(N?) substrings for a string with length .

Instead of this, we make the algorithm to decide the appropriate length
of substring as well as the appropriate frequency. In other word, we use n-
grams instead of substrings with any length. In our algorithm, the frequency is
expressed by a percentage. A pair (n,a) of a length and a frequency decides W
such that W is the set of the top a percent frequent n-grams in D. In the sequel,
we denote Ap(W) by Ap(n,a). The pair (n,a) is called a cut point of D. An
n-gram is said to be frequent on a cut point (n,a) if the n-gram in W decided
by (n,a).

Since an appropriate cut point depends on input documents, we make the
algorithm to it automatically. First, we consider what is an appropriate cut
point. Two strings in Fig. [l show the same string. The above string shows that
substrings for the structure and style are colored with gray. An appropriate (n, a)
covers gray parts with frequent n-grams. The below string shows that frequent
n-grams appear in both gray and white parts. In this case, the alternation count
is larger than the ideal alternation count and substrings for the structure and
style are destroyed.

Since short substrings seems not to construct structures and styles, they
appear everywhere. Therefore, an alternation count may be large if n is too
small. An alternation count also may be large if a is smaller than the ideal one
since increasing a connects separate frequent n-grams. If n or a is greater than
the corresponding ideal one, the alternation count also become large. Thus, an
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appropriate cut point if both n and a are enough large and the pair (n, a) attains
a locally minimum alternation count.

A path is a sequence of cut points (ny, a1), (n2,az),. .., (ng, ax) such that (1)
either n;41 =n;+1ora;41 =a;+1foreachi=1,2,.... k=1, (2) Ap(n;,a;) >
Ap(niy1,a:41) foreach i =1,2,...,k—1, and (3) Ap(nk,ar) < Ap(ng +1,ax)
and Ap(ng,ar) < Ap(ng,ar +1). A cut point (n,a) is optimal if there exists a
path from (2,1) to (n,a). Note that, there exist some optimal cut points.

The trivial initial cut point is (1,1). However, 1-gram is too short to describe
the structure and style of documents. Thus, we define the initial cut point is
(2,1).

Using above notions, we define that eliminating useless parts is, given a set D
of strings, to find an optimal cut point of D.

3 Algorithm

In this section, we describe FindOptimal that finds an optimal cut point (n,a)
(see Fig. Bl). From the initial cut point (2, 1), the algorithm compares alternation
counts on the next two cut points with the currnet one. It stops when alternation
counts on both next two cut points are greater than the current one.

The algorithm does not remove any tags or directives of semi-structured
documents. It only modifies documents according to the following conventional
preprocessing rules: tabs and newlines are treated as a space, and consecutive
spaces are compressed into one space. An input for the algorithm is a set of
strings preprocessed according to the above rules.

FindOptimal uses two subroutines alternation (see Fig.[2) and countsort.
The subroutine countsort receives an integer n and a set D of strings, then
counts all n-grams in D and sorts them by the number of their occurrences.
The subroutine keeps the n-grams and the numbers of their occurrences in a
hash table. It returns an array of the counted substrings sorted in the decreasing
order.

The subroutine alternation receives a set D of strings, an array O of strings,
a length n, and a percentage a. The variable W used in alternation keeps the
first a/100 strings in the sorted array O which is an output of countsort. Us-
ing W, the subroutine construct a range string r and then counts the boundaries,
which is the alternation count on (n,a).

The main algorithm FindOptimal (see Fig. B) receives a set D of strings. It
counts the alternation count on the current cut point and also counts alternation
counts on next two candidates, (n,a+ 1) and (n+ 1,a). After comparison alter-
nation counts on these three cut points, it decides the next cut point. If both
Ap(n,a + 1) and Ap(n + 1,a) are small than Ap(n,a), the algorithm selects
the cut point providing a smaller alternation count. If there is no next cut point
providing a smaller alternation count than the current one, then it returns the
currnet cut point as an optimal cut point.
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function alternation (var D: set of strings;
0: array of strings, n: integer ; a: integer): integer;
var
i: integer;
s,x: string;
W: hash table;
r: array [1.|x|] of integers;

begin
X := string concatenated all strings in D;
for i:=1 to [x| do r[i] :=1;
W := substrings

from the first substring to the a/100-th substring in 0;
for i:=1 to x| do begin

s:=x[i.i+n] ;

if s € W then

r[i.i+n]:=0 ;
end {for}
count boundaries between r[i] =0 and r[i] =1;
return the boundaries;
end ;

Fig. 2. The subroutine returns the alternation count of D on (n,a)

3.1 Complexity

In this section, we discuss the time complexty required by FindOptimal. Let D
be an input set of strings and N be the total length of D.

First, we estimate the complexity required by the subroutine countsort. It
is required O(1) time to add a new n-gram to a hash table or to check if a
given n-gram is already stored in the hash table. Since the subroutine counts all
substrings with the same length, there exist at most O(N) n-grams. Therefore,
countsort needs O(N) time to construct the hash table and O(N log N) time
to sort n-grams. Thus, countsort runs in O(N log N) time.

Next, we consider the subroutine alternation. Let (D,O,n,a) be an input
for the subroutine. O(N) time is required to construct a hash table W. In the
last for loop, check if s € W requires O(1) using the hash table W and writing 0
on rfi..i + n] requires O(n) time. Therefore, this loop is completed in O(nN)
time. Counting boundaries is done in O(N) by scanning r from left to right.
Thus, the subroutine runs in O(nN) time.

Finally, we estimate the time complexity of FindOptimal. Let (nys,as) be
the final output of FindOptimal. FindOptimal calls countsort ny — 1 times
and alternation at most 3(ny + ay — 2) + 1 times because it passes through
ny 4+ ay — 2 cut points from the initial cut point (2,1) to (ny,ayr). Thus, the
routine runs in the following time:

O(ngNlog N + (ny +ay)nsN)
(ngNlog N +n}N +agnsN)

=0
= O(n?cN—l—anlogN),
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procedure FindOptimal (var D: set of strings);
{FindOptimal finds an optimal cut point.}
var n,a: integer;
{n and a keep the current length and percentage, respectively.}
var valp,val;,vals: integer;
var Ocur,Onext: array of strings;

begin
n:=2;a:=1 ; {initialize n and a.}
Ocur := countsort(D,n);

valo:=alternation(D, Ocyr,n,a) ;
{valo keeps the alternation count on the current (n,a).}
while (n <max{|d||d €D}) and (a < 100) do begin
if countsort(D,n+ 1) is not done then
Opext := countsort(D,n+ 1);
val;:=alternation(D, Ocyr,n,a+ 1);
valy:=alternation(D, Opext,nn + 1,2);
{va11 and val, keep the alternation counts on next candidates.}
if (valp <val;) and (valg < valy) then
goto OUTPUT ;
else if (valo > val;) and ( val; < val,) then begin
a:=a+1 ;
valp :=val; ;
end
else if ((valo > valy) and (val, < val;)) then begin
n:=n-+1 ;
valp :=vals ;
Ocur = Onext 3
end
end ; {while}
OUTPUT :
report (m,a) ;
end ;

Fig. 3. The main algorithm FindOptimal outputs an optimal cut point using two sub-
routines countsort and alternation
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where ay is a non-negative constant less than 100. Our experimental results show
that ny is less than 30 and n < N (see Section H]). Thus, the time complexity is
approximately O(N log N).

4 Experiments

We use news articles as input for FindOptimal. An article we use is written in
English or Japanese. It is provided as an HTML file which has the headline and
the body of it.

We have two types of experiments depending on the the number of sites from
which we collect articles: articles from the same site (see Section [.2]) and articles
from different sites (see Section [.3).

4.1 Evaluation

To evaluate an outputed cut point, we utilize two approaches. We modify HTML
files in which any frequent n-gram on the cut point is colored with gray like
accbaacbe. A colored letter corresponds to 0 on the range string 110001001.

The other approache is to calculate accuracy, recall, and precision using a
binary string called a correct string. We can conclude that FindOptimal outputs
an appropriate cut point if a range string r,(n, a) is similar to the corresponding
correct string.

Let D be an input for FindOptimal and x be a string concatenated all strings
in D. A correct string ¢ is a binary string with length |z| such that, for 1 <i < |¢|,
cli] € {0,1} is decided according to manually specified pairs of delimiters. Let
(I,7) be a pair of delimiters and u be a substring of ¢. Then, v = 11---1 if lur
be a substring of z, v = 00---0 otherwise. A substring surrounding with the
pair is the headline or the body of an article in our experiments. The positions
corresponding to the substring are filled with 1 in the correct string.

We define that the body and the headline of an article are not useless, ex-
tract manually left and right delimiters from each data set, and construct cor-
rect strings using pairs of delimiters. Then, using two binary string, the correct
string ¢ and the range string r, we define that accuracy is [c¢"r]p/|r|, recall is
[c&r]1/[c]1, and precision is [c&r];/[r]i. The accuracy is the ratio of positions i
such that c[i] = r[i] to the total length of input documents.

4.2 Articles from the Same Site

In this section, two sets of documents are considered. One is a set of 76 articles
obtained from “The Washington Post (http://www.washingtonpost.com/)”.
This set is denoted by WPOST. All pages linked from the URL are collected
and then non-article pages are removed manually. Articles in any categories are
included, and so do any other data sets in this paper. The total size of WPOST
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<HTML><HEAD> <style type="text/css”>0001370000 <META NAME=
7edition” CONTENT="M2" > <META  NAME="document_name” CON-
TENT="A31243-2001Jan22” > <META NAME="source” CONTENT="Post”>
<META NAME="section” CONTENT="DM” > <META NAME="page”
CONTENT="E01 7> <META NAME="column” CONTENT=""> <META
”? CONTENT="BANK23”> <META NAME="timestamp” CON-
: category” CONTENT="BIZ”> <META
NAME="wordcount” CONTENT="0"> <META NAME="sourceNumber”
CONTENT="6"> <!-plsfield:title—> <TITLE>McColl Shuts Books on
an  Era  (washingtonpost.com)</TITLE> </HEAD>00015200000 @ <!
plsfield:headline—> <FONT FACE="Arial,Helvetica” SIZE="+1"><B>McColl
Shuts Books on an Era</B></FONT> <! plsfield:stop >0002050000
<A HREF="/cgi-bin/gx.cgi/AppLogic+FTContentServer?
pagename=wpni/email&articleid=A31243-2001Jan22&node=business” ><B>E-
Mail ~ This  Article</B></A><BR></FONT></TD> 000470000<A
HREF="/ac2/wp-dyn/A31243-2001Jan22?language=printer” ><B>
Printer-Friendly Version</B></A><BR></FONT></TD> <TD

WIDTH HEIGHT="1"><SPACER TYPE="block” WIDTH="8
HEIGHT="1"></TD></TR> <TR><TD COLSPAN=

WIDTH="226" HEIGHT="8"><SPACER TYPE="block” WIDTH="226"
HEIGHT="8"></TD></TR></TABLE> </TD></TR> <TR><TD
WIDTH="228" HEIGHT="1"><SPACER  TYPE="block” WIDTH="226"
HEIGHT="1"></TD></TR></TABLE> </TD></TR></TABLE>

<FONT SIZE="2"> <!-plsfield:byline-> <I>By Kathleen Day</I><BR> <!
plsfield:credit—> Washington Post Staff Writer<BR> <!-plsfield:disp_date—> Tues-
day, January 23, 2001; Page E01 <BR> </FONT> < /P> <!-plsfield:description—>
<P><P></P> <P><P>The expected resignation tomorrow of Hugh McColl
as head of Bank of America symbolically marks the end of an era in banking,
where for two decades mergers have been an engine of growth and the idea
that bigger is better has been gospel.</P> <P><P> His departure from the
nation’s largest consumer bank comes less than a year after his fierce crosstown
competitor in Charlotte, Edward C.0004580000 ”They have a mutual respect
for each other,” said Virginia Stone Mackin, spokeswoman for First Union, who
until a few years ago worked at Bank of America.</P> <P><P> McColl
was among the first to call Crutchfield when he was diagnosed with cancer,
she said. And the two have been known to spent the evening talking after
bumping into one another at parties or the country club.< /P> <! plsfield:end >
<P><CENTER> &copy; 2001 The Washington Post Company </CENTER></P>
<P><CENTER> <A HREF=”/wp-dyn/business/A32068-2001Jan22.html” ><img
src="http://al88.g.akamaitech.net/f/188/920/1d /www.washingtonpost.com/wp-

srv/images/arrow_previous.gif” width="14" height=
”12” border="0" > Oooo87ooooo <A HREF=
7http://www.washingtonpost.com/wp-srv/maps/mit_foto.map” ><IMG SRC=
7http://al88.g.akamaitech.net/f/188/920/1d/www.washingtonpost.com/wp-

srv/images/channelnav_news.gif” WIDTH="760" HEIGHT=
716” BORDER="0" ALT="channel navigation” ISMAP=

“true” ></A><BR></TD> </TR><TR> <TD></TD> <TD><IMG SRC=
7http://al88.g.akamaitech.net/f/188/920/1d/www.washingtonpost.com/wp-
srv/globalnav/images/spacer.gif” WIDTH="428" HEIGHT="1" BORDER="0"
ALT=" "></TD> <TD></TD> <TD></TD> </TR></FORM></TABLE>
<FONT SIZE="-2"><BR></FONT> </TD></TR></TABLE>
</BODY></HTML>

Fig. 4. An HTML file of WPOST where frequent n-grams on (24, 10) are colored with
gray



Eliminating Useless Parts in Semi-structured Documents 123

<html> <hcad> <title> Yomiuri On-Line/0005250000<font size="42"><b>
TREE . SEL~OMETFTHERRHZ2EFF < /b></ffont><br> <img
src="/g/d.gif" width="1" hcight="5"><br> <img src="/g/db.gif" width="465"
height="1"><br> <img src="/g/d.gif" width="1" hecight="15"><bhr> <!- photo
start —> <!~ NO PHOTO > <!~ photo cnd ~> <!~ honbun start -> <p> 8§
fRit—H, ¥HEBTEFEICHL, ARRHRE LTZO0—FERETRARELSELICRHUTS
FHEICHSOWT, (EBXTORY) EEELE. </p> <p> HHIZINET, EROA{XEE
PLORKHMIZBTENRIPE L >TD, o, MEFERICHT, ERBITHESF=K
AATIEHASELLRLTEY, METFTHRR~OWEERL, 5 LEEERF#HERBRLAEY
D, <Jp> <p>  ELHI, BRF - SRERREEHSMICR DAL, MBH#E 4D wIeHD
55 NATRARKRMER) (Cb, Wi TRRIZS 50TIRAZL, b5 LEMSIcRL LM
. LDRBLABDITRENY) & WECAEFLRNTIEEERL TS, </p> (5 A1
B 21: 19)<br> <!- honbun end -> <div align=""right” > <img src="/gif6/arw.gif”
width="11" hcight="11">0005800000 <LAYER SRC="/srcfiles/spccials.htm”
VISIBILITY =hidden ONLOAD="movcToAbsolute(spccials.pageX, spccials.pageY);
visibility=truc;” > </LAYER> </body> </htmi>

Fig.5. An HTML file of YOMIURI where frequent n-grams on (27,10) are colored
with gray

is about 3.2M Bytes (average 42K Bytes), the minimum size of the articles is
31K Bytes, and the maximum size is 65K Bytes.

Given WPOST, FindOptimal outputs (24, 10) as an optimal cut point. Fig. d]
is an HTML file in WPOST where frequent n-grams on (24, 10) are colored with
gray. Some letters are omitted because the file is too large. A number surrounded
by three boxes O, such as 0005250000, denotes the approximative number of
omitted letters. The color of omitted letters is the same as the color of the boxes
and the number. In Fig. [ the longest black substring completely equals to the
body of the article except for the last period. Short black strings are substrings
of the headline, which appear twice, or a substring of the file name in which this
article is contained. A file name is unique in this set, so that a part of the file
name is remains not to be colored.

The accuracy, recall, and precision on WPOST is 0.975, 0.939, and 0.872,
respectively. The precision is relatively lower because unique substrings are in-
cluded in the header of an HTML file such as a part of the file name.

The other set consists of articles written in Japanese. They are collected
from “Yomiuri On-Line (http://www.yomiuri.co.jp/))”. This is constructed by
collecting all linked pages from all categories. For example, economic articles are
collected from http://www.yomiuri.co.jp/02/index.htm. This set is denoted
by YOMIURI. The number of the articles in YOMIURI is 198, the total size of
YOMIURI is about 2.7M Bytes (average 13.4K Bytes), the minimum size of the
articles is 297 Bytes, and the maximum size is 39K Bytes.

YOMIURI includes non-article files as noise data. The shortest file is not an
article file. Moreover, files whose size are smaller than 12K Bytes are top pages
of categories. Such files have only hyperlinks to articles. The number of noises
in YOMIURI is 14 and its size is about 36K Bytes.

Given YOMIURI, FindOptimal outputs (8, 10) as an optimal cut point. The
accuracy, recall, and precision on YOMIURI is 0.992, 0.808, and 0.991, respec-
tively.
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Fig. Blis a modified HTML file. Black parts are parts of the headline and the
body of the article. The headline is at the second line and the content starts after
“<!-- honbun start -->” which means the start of the body. Short colored
substrings in the body are “<p>” tags with the beginnings or ends of sentences.
These substrings decrease the recall. Ends of sentences appear frequently in a
Japanese sentence and beginnings are frequent expressions in articles such as
“prime minister (Koizumi)”.

4.3 Articles from Different Sites

We use “Los Angeles Times (http://www.latimes.com/)” and “The Sankei
Shimbun (http://www.sankei.co.jp/)” in addition to sites described in Sec-
tion Two sets of articles collected from the URLs are denoted by LATIMES
and SANKFEI, respectively. Articles in LATIMES and SANKEI are written in
English and Japanese, respectively.

In this section, the following data sets are considered. Any combination of
English and Japanese sites is included.

WP-LA articles from WPOST (30 articles 2.36M Bytes) and LATIMES (40
articles 2.44M Bytes)

SA-YO articles from SANKEI (23 articles 86K Bytes) and YOMIURI (198
articles 2.7M Bytes)

SA-LA articles from SANKEI (23 articles 86K Bytes) and LATIMES (150 ar-
ticles 4.5M Bytes)

Note that the size of data set SANKEI is too small.

Table [T shows outputs of FindOptimal and evaluation values. A cell z(y, z)
of an evaluation value shows the total value = on all articles and two evaluation
values y and z on each site articles. The total value is not the average of the
corresponding two single sites. It is calculated by just counting letters of all
articles from both sites. That is, if two evaluation values of single site are x1/y;
and x9/ya, then the total evaluation is (z1 + x2)/(y1 + y2). Therefore, in data
sets SA-YO and SA-LA, the evaluation values are dominated by those of the
large data set, YOMIURI or LATIMES, respectively.

Table 1. Evaluation values for different sites data

Data Set|Optimal Accuracy Recall Precision

WP-LA
SA-YO
SA-LA

(28,17)
(19,13)
(23,6)

0.965 (0.969, 0.962)
0.994 (0.892, 0.997)
0.959 (0.914, 0.961)

0.802 (0.906, 0.679)
0.889 (0.697, 0.930)
0.958 (0.992, 0.954)

0.894 (0.859, 0.954)
0.987 (0.965, 0.990)
0.755 (0.796, 0.749)

Articles of the same site have the same formats. Data sets in Table. [l have
different formats since documents are collected from different sites. FindOptimal
detects different formats as useless parts with high accuracy. Especially, it detects
useless parts of articles in SANKEI despite of its small size.
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4.4 Discussion

Many text mining algorithms assume that frequent patterns, substrings, rules,
etc. are important. But, in this paper, frequent n-gram is defined to be useless.
FindOptimal avoid treating an important keyword as a useless substring in the
following way. FindOptimal increases the length n and frequency a from the
initial cut point (2,1). Therefore, a frequent n-gram turns out to be long. In
fact, n = 24 when WPOST is the input. We think that an important keyword
is not so long and a substring for the structure and style is relatively long.
Even if some important keywords are long, it merely happens that they appear
frequently. Thus, the algorithm does not judge an important keyword to be
useless.

This simple idea sometimes does not work well if the size of given input
documents are not enough. For example, in YOMIURI data set, there exist some
news files of Mr. Tsuta’s death. He was a famous high-school baseball manager.
In these news files, the substring “a former manager of the baseball club at
Tokushima prefectural high-school” appears frequently. In Japanese, the length
of the substing is 11, and the length of the cut point found by FindOptimal is 8.
So, FindOptimal treats the substring to be useless although the substring is not
for the structure or style of the documents. This type of errors does not happen
when enough articles are given to FindOptimal because the frequency of such
long substring become to be relatively low.

Note that useless parts do not consist of only tag sequences. For example,
articles in YOMIURI have the same string in <title> tag and the string is
detected as a useless part. On the other hand, the title of an article in WPOST
is the same as the headline of the article and the title is detected as a non-useless
part.

5 Conclusion

We introduced a new static value alternation count and developed an algorithm
that divides each document of given documents into two parts, useless parts and
non-useless parts. It is based on a simple assumption that frequent n-grams are
not useful. We defined an optimal cut point to decide an appropriate pair (n,a)
of length n and frequency a.

The algorithm does not depend on natural and markup languages because it
counts substrings of inputs instead of words or other grammatical units. Exper-
imental results show that the algorithm is robust for noise. Moreover, if input
documents are collected from different sites and have different formats, an out-
puted cut point divides documents of both sites into useless and non-useless
parts with hight accuracy.

We only showed experiments on news articles provided as HTML files. It is a
future work to use other types of data sets such as dynamic pages, static pages
except for news, files written in other markup language, etc.

It is an interesting future work to use some knowledge on grammars of the
markup language. For example, when the algorithm enumerates n-grams, if a
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delimiter such as “<”, “>”_ “” and “?”, is contained in an n-gram, they must
be at the beginning or end of the n-gram. This may improve accuracies.

As an application of the algorithm, we developed a record extraction system
SCOOP [16]. A record extraction is an important application of Web mining [6]
9UT2]. SCOOP utilized FindOptimal as the preprocessor and knowledge that a
delimiter of a record (or field) ends with “>” and begins with “<”. Ginve an
output of FindOptimal, SCOOP searches delimiters only near boundaries of
non-useless parts and outputs the most frequent pair of substrings as a delimiter
if it is unique on each record.

Another challenging future work is to apply our algorithm to genome info-
matics. The longest common subsequence problem is, given two string, to find a
longest common subsequence of them [2l8]. The problem for & (k > 2) strings
is known as multiple sequence alignment, which is a major problem in genome
infomatics [11]. If & is not fixed, multiple sequence alignment is known to be
NP-complete [I3]. Both multiple sequence alignment and our problem are to ex-
tract parts common to a given set of strings. A difference between two problems
is that each common part should have particular length in our setting, that is,
our algorithm does not work well if common parts are too short.
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Abstract. Inference to the best explanation, IBE, (or abduction) re-
quires finding the best explanatory hypothesis, from a set of rival hy-
potheses, to explain a collection of data. The notion of best, however, is
multicriterial and the available rival hypotheses might be variously good
according to different criteria. Thus, one can view the abduction problem
as that of choosing the best hypothesis from among a set of multicrite-
rially evaluated hypotheses - i.e as a multiple criteria decision making
problem. In the absence of a single hypothesis that is the best along all
dimensions of goodness, the MCDM problem becomes especially hard.
The Seeker-Filter-Viewer architecture provides an effective and natural
way to use computer power to assist humans to solve certain classes
of MCDM problems. In this paper, we apply an MCDM perspective to
the abductive problem of red-cell antibody identification and present the
results obtained by using the S-F-V architecture.

1 Introduction

Abductive inference is a ubiquitous form of reasoning in science and common
sense. Abduction has been referred to as inference to the best explanation
by Harman [3] and as the explanatory inference by Lycan [4]. Typically the
available evidence is insufficient to narrow conclusively to single explanations.
So, multiple hypotheses are available and the problem becomes one of choosing
the best among rivals. Josephson & Josephson [2] have described abductions as
following this pattern:

D is a collection of data (facts, observations, givens)
H explains D (would, if true, explain D)
No other hypothesis can explain D as well as H does.

Therefore, H is probably true.

They also suggest that the judgment of likelihood associated with a conclu-
sion should depend upon a number of considerations. Apart from how good a
single hypothesis is by itself, it is also desirable that it decisively surpass the

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 128-[I40] 2001.
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alternative hypotheses. However, there are in general, multiple kinds of criteria
by which hypotheses may be compared. Explanatory power and plausibility are
examples. Thus, we may view abduction as requiring a choice among the mul-
ticriterially evaluated hypotheses, that is a species of multiple criteria decision
making.

MCDM problems have been widely studied across diverse fields and many
techniques abound for solving MCDM problems [5]. An important concept in
MCDM is the idea of dominance. Dominance is very much like an all-other-
things-being-equal kind of reasoning. Specifically, we say that some multicrite-
rially evaluated alternative A dominates another alternative B if there is some
criterion in which A is strictly better than B and there is no criterion in which
B is strictly better than A. An alternative that is not dominated is called a
Pareto Optimal alternative. For a given problem, the set of Pareto Optimal al-
ternatives has the property that, within the set, the only way to improve along
any dimension is to accept a loss in another dimension. That is, choosing among
the Pareto Optimal alternatives is a matter of making trade-offs. It is known
that the size of the Pareto-optimal set is typically a very small percentage of
the actual number of alternatives [6] [7]. Thus, the application of dominance as
a filter can be expected to considerably reduce the number of alternatives which
need to be considered [].

It is worth noting is that there is no loss incurred in the elimination of the
dominated alternatives unless significant criteria have not been considered. This
is because we know that for every alternative eliminated by the dominance filter,
there is at least one Pareto-optimal alternative that dominates it and is therefore
multicriterially better than it. The application of dominance minimally requires
that an order relation hold among values for each criterion. The survivors of the
dominance filter represent the multicriterially maximal subset of alternatives
from the original set.

From the definition of dominance it is clear that, for each pair of alternatives
that survive the dominance filter, they outperform each other according to dif-
ferent criteria. In other words, if alternatives A and B are in the Pareto Optimal
set, then it must be the case that there is at least one criterion in which A is
better than B and that there is at least one criterion in which B is better than
A, thereby preventing either from dominating the other.

In an abduction problem, a more plausible hypothesis, H;, might not explain
as much as a less plausible one, Hs. That is, Hs is better according to explanatory
coverage while H; is better according to the criterion of plausibility. In such a
case, there is no obvious sense in which either H; or Hs can be said to be
a distinctly better hypothesis. However, depending upon the need to explain
more, and upon the degree of confidence that is needed for the final choice,
a choice between H; or Hy may become possible. The choice from among the
Pareto Optimal set requires that trade-offs be accepted between plausibility and
explanatory coverage. This can be a challenge since such trade-off judgments are
often a function of the specific values at hand. For example, a certain level of
confidence or of explanatory power may be sufficient.
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In summary, a general way to solve an MCDM problem is to apply the domi-
nance filter and then allow for choice from among the set of dominance survivors
by applying human trade-off judgments with respect to the various criteria. The
Seeker-Filter- Viewer architecture described in [1] is based on this strategy for
solving the MCDM problem. The Seeker is a module which generates applicable
alternatives and produces evaluations for them according to the different crite-
ria. The Filter uses the principle of dominance to produce the Pareto-optimal set
from the generated and evaluated set of alternatives. It eliminates the distinctly
suboptimal alternatives. The Viewer allows a human to express his trade-off
judgments on the Pareto-optimal alternatives. The Viewer allows a user to view
the candidate alternatives as points in graphs with the criteria as axes. If multiple
criteria need to be considered, the Viewer will provide multiple interlinked 2-D
plots and histograms. The human expresses preferences by selecting desirable
regions in the graphs. The graphically selected points or regions are cross-linked
across all the open plots so that a selection made on one plot shows the values
of the selected alternatives according to the other criteria.

Apart from explanatory coverage and plausibility, we will describe several
other criteria that can generally be used to evaluate candidate hypotheses in
abduction problems. These criteria may or may not apply depending upon the
problem domain and other characteristics of the data. We will briefly describe
the S-F-V architecture and as an illustration both of viewing abduction from an
MCDM perspective, and a demonstration of applying the S-F-V architecture,
we will present the results of experiments in the domain of red cell antibody
identification as described in [2]. We will describe the antibody identification
problem as an abduction problem, and define the evaluation criteria used in the
experiment. Finally, we will show the results of viewing this abduction problem
as an MCDM problem and applying the S-F-V architecture to help solve the
problem.

2 The Seeker-Filter-Viewer Architecture

The S-F-V architecture is described in detail in [I] and [J]. In this section, we pro-
vide a brief overview of the architecture and its use in solving MCDM problems.
Essentially, the architecture is composed of three modules, the Seeker, the Filter,
and the Viewer, each designed to perform a specific set of functions involved in
solving the given MCDM problem. We next describe these components one at a
time:

2.1 The Seeker

The Seeker is responsible for the generation of the choice alternatives for the
MCDM problem. In case the choice alternatives are already present or supplied
by the decision-maker, the Seeker makes these choice alternatives accessible to
the Filter by reading them from the database. For problems where the decision-
maker cannot provide the choice alternatives himself, it is the function of the
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Seeker to seek out the alternatives from whatever sources are available, in a form
that can be used by the Filter. Abstractly, this could be a search on the Internet
looking for choice alternatives pertaining to the problem. The Seeker described
in [1] is currently capable of generating choice alternatives as compositions of
various components listed in a component library. The Seeker instantiates all
possible choice alternatives that can be formed by some distinct composition of
a set of components in the library. Having instantiated the choice alternative, it
next makes use of simulation models to evaluate various property values for the
choice alternatives. For example, for an instantiated car, the Seeker might run
simulations to compute the mileage, cost, weight, top-speed and other properties
related to cars, for which simulation models are available. At the end of the
generation process, the Seeker produces a list of choice alternatives along with a
set of {property-name, property-value} pairs for each alternative. It makes this
list available to the Filter.

2.2 The Filter

The Filter is responsible for applying the dominance rule to the set of alternatives
generated by the Seeker. In order to do this, the Filter expects the decision-maker
to choose those properties of the choice alternatives which reflect the dimensions
of outcomes that matter to him, and additionally the directions of goodness for
the criteria. For example, if the decision-maker desires to buy a car that is cost-
effective to him, he should choose cost and mileage as properties of interest to
him. Once such a set of properties have been selected by the decision-maker, the
Filter uses these properties as criteria based on which to apply the dominance
rule on the set of alternatives. Since the criteria values for the chosen criteria
are already made available by the Seeker, the Filter makes use of these values
to produce the Pareto-optimal set of alternatives. As mentioned earlier, this
step is essential because alternatives not belonging to the Pareto-optimal set are
known to be dominated by some Pareto-optimal alternative. As a result, there is
no loss incurred in eliminating such alternatives. By doing so, the Filter prevents
the decision-maker from having to even consider such alternatives, and thereby
unintentionally select a suboptimal alternative. Finally, as indicated in [6], [7],
the Pareto-optimal set often tends to be a very small fraction of the original set.
Hence the application of the Filter also reduces the size of the set of alternatives
that further need to be considered. While the Filter can reduce the relevant set of
alternatives from a large number to a small fraction, choosing an alternative even
from a handful of Pareto-optimal alternatives can be a demanding task for the
decision-maker. The next module of the architecture allows the decision-maker
to graphically interact with the Pareto-optimal alternatives in various ways, in
order to select the final choice alternative(s) of interest to him.

2.3 The Viewer

As mentioned previously, choice among Pareto-optimal alternatives requires the
making of tradeoffs. The Viewer allows the decision-maker to interact with the
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Pareto-optimal set by means of various kinds of graphical plots which enable the
decision-maker to express his tradeoff preferences in the context of the available
alternatives. A more detailed description of all modes of interaction that the
Viewer allows, along with a description of an interaction session between the
Viewer and a decision-maker is provided in [0]. Here will only mention that
the Viewer allows the decision-maker to plot the Pareto-optimal alternatives as
points in 2-D scatter plots where the axes of the plots can be selected by the
decision-maker himself; he can further pull up as many plots as he desires. The
Viewer also maintains a set of 1-D plots where the Pareto-optimal alternatives
are plotted along single property-axes. The Viewer allows the decision-maker
to select points or collections of points by enabling graphical selection of such
points. Upon selection by the decision-maker, all points within the selected region
are indicated using a separate color and moreover such indication is provided
across all the open points. Thus ,even though the decision-maker makes his
selection on a single plot, he gets to examine the implications of his selection in
terms of the other properties by examining the colored points on all other plots.
This forces the decision-maker to make selections and at the same time evaluate
the consequences of the selection. It is expected that this will lead to a more
rational selection process. Apart from making tradeoffs, the Viewer enables other
kinds of preference expression by the decision-maker. These include: choosing
alternatives by categories from bar-charts, applying hard-constraints based on
criteria by using the 1-D plots, applying various kinds of constraints based on
as yet unconsidered properties, combining alternatives that belong to different
Viewer-based selections of the decision-maker, looking at a list of all properties of
alternatives in the selected region in a tabular form, and so on. Thus, the Viewer
complements the Filter by enabling many kinds of preferences that apply when
choosing from Pareto-optimal alternatives.

The synergy between the three modules of the S-F-V architecture provides
it with the ability to act as an effective decision support for solving MCDM
problems. As an indication of its effectiveness, we point to the experiment de-
scribed in [I] where close to 2 million choice alternatives (Hybrid vehicles) were
generated by the Seeker, the Filter reduced this set to 1078 alternatives, and in-
teraction between a decision-maker and these Filter survivors using the Viewer
resulted in a final output of 7 alternatives. The architecture has been applied to
a number of engineering problems and our claims about the effectiveness of the
architecture are based on the response we received from the users regarding the
ease with which they were able to use the architecture. We realize that a formal
usability analysis of the architecture would go a long way towards establishing
this. We have compared the Viewer with a few other alternative visualization
techniques in MCDM literature and our impression is that the Viewer has its
own set of unique properties. We direct the interested reader to a survey of such
visualization techniques that occurs in [10] (pp. 238-249).

This brings our description of the S-F-V architecture to a close. We next
describe some properties of explanatory hypotheses, which can be used as evalu-
ation criteria for the hypotheses. The use of such criteria to evaluate hypotheses



Multicriterially Best Explanations 133

will allow hypotheses to be viewed as multicriterially evaluated alternatives,
thereby allowing the problem of choosing the “multicriterially best” alternative
to be seen as an MCDM problem.

3 Evaluation Criteria for Explanatory Hypotheses

As we said, the idea of the best hypothesis from among a set of hypotheses
is a multicriterial notion. In [] the following qualities are suggested as criteria
for evaluating hypotheses: Ezplanatory Power, Plausibility, Internal consistency,
Simplicity, Specificity, Predictive Power, and Theoretical Promise. In order to
apply MCDM techniques it will be necessary that the evaluations according to
the criteria can be obtained in a numerical form, or some other form that enables
the comparison of criterion values, so that it is conducive to the application
of MCDM techniques. This may well depend upon the domain for which the
abduction problem is being solved. As an illustration of how this can be done,
we next describe how evaluations were produced for the hypotheses in red cell
antibody identification domain.

4 The RED Domain: The Red Cell Antibody
Identification Task

As described in [2], the RED systems are medical test-interpretation systems
that operate in the knowledge domain of hospital blood banks. Specifically, the
RED systems are meant to help in the problem of red-cell antibody identification.
We will first briefly describe the problem and then formulate the problem as an
abduction problem.

4.1 The Problem

Before blood transfusion is carried out it is imperative to check that the donor’s
blood matches the patient’s blood. The process of matching involves ensuring
that the donor’s blood does not contain antigens which would be identified as
foreign bodies by the patient’s immune system. If the immune system does en-
counter foreign bodies, it produces antibodies directed against them. The an-
tibodies that are produced by the patient’s blood against red cell antigens of
a donor are called red-cell antibodies. If the patient’s blood contains antibod-
ies directed against the red cell antigens of the donor’s blood, this is a case of
mismatch. Transfusion of badly matched blood could result in many bad conse-
quences including fever, anemia, and life threatening kidney-failure. Hence the
red cell antibody identification task is of crucial importance to blood banks. In
addition to the familiar A, B, and Rh, more than 400 red-cell antigens are known.
Once the blood has been tested to determine the patient’s A-B-O and Rh blood
type, it is necessary to test for the presence of antibodies directed toward other
red-cell antigens.
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Table 1. Red-cell test panel. The various test conditions, or phases, are listed along the
left side (AlbuminlS, etc.) and identifiers for donors of the red cells are given across the
top (623A, etc.). Entries in the table record reactions graded from 0, for no reaction, to
4+ for the strongest agglutination reaction, or H for hemolysis. Intermediate grades of
agglutination are +/- (a trace of reaction), 1+w(a grade of 14, but with the modifier
“weak”), 14, 14s(the modifier means “strong”), 24w, 2+, 2+s, 3+w, 3+, 3+s, 4+w.
Thus, cell 623A has a 3+ agglutination reaction in the Coombs phase.

623A 479 53TA 506A 303A 209A 186A 195 164

AlbuminIS 0 0 0 0 0 0 0 0 0

Albumin37 0 0 0 0 0 0 0 2 1
Coombs 3+ 0 3+ 0 3+ 3+ 3+ 3+ 3+
EnzymelS 0 0 0 0 0 0 0 0 0
Enzyme37 0 0 1+ 0 0 1+ 0 1+ 0

Typically this identification is performed by using one or more reaction pan-
els of the form shown in Table [l The columns in the table refer to different
applicable donors, while the rows refer to different test conditions. Each entry
in the table indicates reactions shown by a mixed sample of the patient’s blood
serum and the indicated donor’s red blood cells, under the specified test condi-
tions. These figures are produced by the blood bank technologist to indicate his
visual assessment of the strength and type of reaction. Possible reaction types
are agglutination (clumping of cells) or hemolysis (splitting of the cell walls). The
strength of the reactions are expressed in the blood-banker’s vocabulary, some
terms of which are shown in Table[Il, and consists of thirteen possible reaction
strengths. Hemolysis reactions were ignored for purposes of this experiment. All
3+ entries are converted into the number 3 for our experiment. Similarly, the
14 values are converted to number 1 and so on. Reactions indicated as 2+ s are
converted into the number 2.5 while those marked as 2 4+ w are converted into
the number 1.5.

Additionally, information about the significant antigens present in each of
the donor samples are recorded in a table called the antigram. By reasoning
about the pattern of reactions displayed by the reaction panel and using the
antigen information present in the donor antigram, the blood-bank technologist
attempts to determine which antibodies are present in the patient’s serum and
are causing the observed reactions and which are absent, or at least not present
in enough strength to cause reaction. The RED systems were built to automate
this reasoning process.

4.2 The Red Cell Antibody Identification Problem as an Abduction
Problem

The reaction panel shown in Table[Il can be considered as data to be explained.
Using the antigrams which give information about the various antigens present
in the donor samples, it is possible to construct hypotheses about the existence
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of various antibodies in the patient’s serum. Each such hypothesis will contain
two kinds of information -

— A profile similar to Table[Mrepresenting how much this particular hypothesis
can offer to explain for each of the reactions in the panel. This is the most
that can be consistently explained by the hypothesis.

— A plausibility value, which is the result of applying rules given by domain
experts, to the data of the case. In our experiment, this value is an integer
between -3 to +3, representing the plausibility on a symbolic scale from
“ruled out” to “highly plausible”.

An example for a certain antibody is given in Table[2 It shows how much of the
reactions shown for the case from Table [[l are accounted for by hypothesizing
that the antibody, AntiNMixed, is present in the patient’s serum. Also, the
plausibility value for the hypothesis is indicated to be -2.

Table 2. Reaction profile for an individual antibody(Anti NMixed) hypothesis. Note
by comparison with the overall reaction panel in Table[Ilthat the hypothesis only offers
to partially explain some of the reactions.

Anti NMixed Profile; Plausibility—=-2
623A 479 303A 209A 186A 195

AlbuminIS 0 0 0 0 0 0

Albumin37 0 0 0 0 0 0
Coombs 0.5 0 2 0.5 0.5 2
EnzymelS 0 0 0 0 0 0
Enzyme37 0 0 0 0.5 0 0.5

Table Bldoes not contain as many columns as Table [[l because the hypothesis
cannot explain any of the reactions pertaining to those columns. The same kind
of profile is created for all of the other non-ruled out antibodies. Hence given a
donor, the following inputs are present:

1. The reaction panel as indicated in Table [Tl

2. A plausibility value for each antibody.

3. A reaction profile for each antibody for which the plausibility value is not
-3, i.e. it has not been “ruled out.”

The desired output will be a set of antibodies which best explain the reac-
tions, along with plausibility values associated with them. The above problem
can now be seen as an abduction problem with the following mapping:

1. The reaction panel represents the data, D, to be explained.

2. The individual antibodies which have not been “ruled out” and all possible
composite hypotheses that can be generated from them represent the set of
possible explanatory hypotheses, the set E.
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The abduction problem is one of finding the hypothesis which best explain the
reactions in the reaction panel. However, sometimes the evidence will be insuf-
ficient and there will be no unique, best explanation.

5 Evaluation Criteria for Hypotheses in the RED Domain

In this section, we will describe how the evaluation criteria for the hypotheses in
the RED domain were computed from the given information. For a given prob-
lem, the set E of all possible explanatory hypotheses was created as described
next.

Firstly, the set of antibodies which are ruled out(i.e. with plausibility values
-3) are no longer considered as potentially explanatory hypotheses for the prob-
lem. Such hypotheses are excluded from set E. The set, S, of simple hypotheses
may be defined as follows:

S ={ A; : A; hypothesizes the presence of a particular
antibody and the plausibility of A; is not — 3}

Now, the set E of applicable hypotheses is defined as the set of all possible
hypotheses obtainable as combinations(conjunctions) of the simple hypotheses
in S.

The set C = E — S is therefore the set of all composite hypotheses which hy-
pothesize the presence of more than a single antibody to explain the reactions.
Thus, if we suppose Aj, A, Az, -+, A to be each of the individual hypotheses
related to the presence of single antibodies which have not been ruled out in
advance, then the hypothesis Ay is an example of a simple hypothesis while the
hypothesis {As, A3, A} is an example of a 3-part composite hypothesis. Obvi-
ously, the size of the largest composite hypothesis is k& and it includes all of the
simple hypotheses in the set S as its parts. Next, we will discuss how some of
the criteria mentioned in Section [B] were computed for the set E above.

1. Ezplanatory Power: Given the values in the reaction panel and the reaction
profiles, R;, for simple hypotheses, A;, one way to quantify the explanatory
power of a simple hypothesis is to compute the sum of all the values in
its reaction profile table. Since each individual entry in the reaction profile
offers to explain an observed reaction as consistently as possible, the sum
of the reaction profile matrix is indicative of the overall explanatory power
of the simple hypothesis. This value is used as a heuristic measure of the
explanatory power of the simple hypothesis. For a composite hypothesis, the
reaction profile is constructed by using the profiles for its parts. That is, the
reaction profile for a composite hypothesis is constructed as the entry-wise
sum of reactions in the individual reaction profiles, with a maximum for any
entry of the reaction strength that needs to be explained. More formally the
Explanatory Power, £, was computed as,

VH € E,E(H) = ZR(a,b)
a,b

(1
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2. Implausibility: The plausibility, p;, for each of the simple hypotheses, A;,
is already available as a part of the input. Since -3 is the lowest degree of
plausibility that is assigned to a simple hypothesis, the implausibility can be
computed by a heuristic measure which produces low value of implausibilities
for high value of plausibilities and so on. The exact form of this function is
not important since the values themselves are meant to be used only for
relative comparisons. In our experiment, implausibility, Z, was computed as,

VH € E,I(H)= Y (4—p))
AjeH

3. Simplicity: There are at least two ways to define this criterion.

a) Cardinality: Simplicity can be defined in terms of the number of parts
in a hypothesis, that is its cardinality. Note that we would want to min-
imize this value in order to maximize simplicity. However, this measure
provides a better score for a hypothesis like { Ag, Ag} relative to another
hypothesis like {A;, A3, A7} based merely on the differences in their
structural simplicities.

b) Inclusion simplicity: This measure cannot be quantified on a per hypoth-
esis basis like the previous ones. However, when comparing two compos-
ite hypotheses, say H; and Hs, we say that H; is better in inclusion-
simplicity than Hs if and only if all of the constituent parts of H; are
present in Hy as well. In all other cases, the two hypotheses are consid-
ered incomparable in simplicity. This measure makes sure that the least
complex hypothesis is preferred to a more complex one that explains no
more.

For the RED domain experiment, only two of the above criteria were used. This
is because the implausibility value, as defined previously, already carries the
information carried by the inclusion-simplicity criterion. The addition of another
hypothesis to a composite will always reduce its plausibility. So an included
hypothesis will always be more plausible than the including one. Consequently,
if k simple hypotheses are not ruled out in advance, then the abduction problem
involves as many hypotheses as the total possible combinations that result from
k, simple hypothesis. In other words, the problem becomes a (2’“ —1) alternative,
2-criteria, MCDM problem. In the next section, we discuss the results of applying
the S-F-V architecture to this MCDM problem.

6 Results of Applying the S-F-V Architecture

It is to be noted that the potential number of explanatory hypotheses in the RED
domain is exponential in the number of simple hypotheses that have not been
ruled out at the onset. Considering that up to 30 clinically significant red-cell
antigens are known, the total number of alternatives is potentially quite large.
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Hence, the ability of dominance filter to prune effectively becomes valuable in
reducing the complexity of the problem. The results shown below are for the
case labeled OSU-9 in the RED domain as described in [2]. The reaction panel
shown in Table [I] refers to the same case.

This case resulted in 15 simple hypothesis which could not be ruled out
based on the evidence at the outset. Thus we have a total of 32,767 potential
explanatory hypotheses, a formidable number. The Seeker generates this set by
building the exhaustive set of combinations starting with 15 simple hypotheses.
In the process of generation, the Seeker also evaluates the hypotheses along the
various criteria using the heuristic measures indicated in the previous section.
It now makes this set of multicriterially evaluated hypotheses available to the
Filter. The Filter, after applying the dominance rule using implausibility and ex-
planatory power as the criteria produces a Pareto-Optimal set containing only
3 hypotheses! In other words, as long as the goal is to find the most plausible
hypothesis which explains the reactions the best, there is no need to consider
the remaining 32764 eliminated alternatives; dominance ensures that they are
inferior to the survivors. The remaining 3 surviving hypotheses are plotted as
points in a Viewer scatter plot shown below with the Implausibility and Ex-
planatory Power as the axes. The labels for each point show the composition
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Fig. 1. Plot showing the 3 survivors of dominance applied to the case OSU-9 from the
RED domain

of the individual hypotheses. We see that of the 3 survivors, one is a simple
hypothesis and in fact this hypothesis, A8 occurs in each of the remaining two
composite hypotheses, { A8, A5} and {A8, A12}.

Figure 1 also shows the trade-offs available to the user of such a system. Such
a trade-off is typical of many abduction problems where the ability to explain
more comes with a cost in the confidence associated with the explanation. By
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using this plot, which is displayed by the Viewer in the S-F-V architecture,
the user can exercise his trade-off judgments by selecting the point of interest
to him. For example, to get greater explanatory coverage than that provided
by the simple hypothesis, the user is informed from the plot that he will need
to incur an increase in the implausibility. The composite {A8, A12}, shown as
the middle point in the plot, allows for one step of trade-off in the direction
of explaining more, with a resulting increase in the implausibility. Similarly,
the point to the extreme right and top explains the most but is also the most
implausible among the three potential explanatory hypotheses. Figure 2 shows
similar trade-offs for another experimental case. This plot shows more clearly,
how moving from the leftmost point to the next point results in a considerable
increase in explanatory coverage while the resultant increase in implausibility
is not as large. Conversely, looking at the rightmost pair of points, we see that
a very small increase in explanatory coverage is obtained by incurring quite
large increase in implausibility. This illustrates how the different kinds of trade-
off judgments can be brought upon to choose between competing hypotheses
even if they are both Pareto Optimal. This plot also shows how choice between

Implausibility

D T T T T T
e 23 29 30 ) 32 33

Explanatory Power

Fig. 2. Plot showing the survivors of dominance applied to the case Pat-32 from the
RED domain

multicriterially best explanations involves trade-off. The choice of an appropriate
hypothesis will depend upon the user’s (in this case the person administering
the blood) willingness to hypothesize the presence or absence of an antibody
according to the urgency of the situation and other risk based considerations.
Alternatively, if additional knowledge becomes available at a later stage of the
problem, this may be used to rule out some of the surviving hypotheses.
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7 Conclusions

We have shown how the MCDM perspective applies to abductive reasoning.
IBE problems are inherently multicriterial. These criteria need not be commen-
surable. Even if that is the case, a well-defined notion of multicriterially best
explanations can be given. Such best explanations need not be unique. However
computer-aided visualization of the alternatives can help human to choose from
among the multicriterially best hypotheses. It is worth noting that if there is
indeed a single hypothesis that is the most plausible, explains the most, and so
on, then such a hypothesis will be the sole survivor of the dominance filter (this
is because by virtue of being the best along all of the evaluation criteria, it will
dominate every other alternative, using the definition of dominance from page
2). Moreover MCDM techniques can help reduce the complexity of the problem.
One can envision scientists using powerful, computerized decision aids like the
S-F-V architecture in the future to help solve complex problems of discovery.
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Abstract. In the study of discovering association rules, it is regarded as
an important task to reduce the number of generated rules without loss
of any information about the significant rules. From this point of view,
Bastide, et al. have proposed to generate only non-redundant rules [2].
Although the number of generated rules can be reduced drastically by
taking the redundancy into account, many rules are often still generated.
In this paper, we try to propose a method for reducing the number of
the generated rules by extending the original framework. For this pur-
pose, we introduce a notion of approximate generator and consider an
approximate redundancy. According to our new notion of redundancy,
many non-redundant rules in the original sense are judged redundant
and invisible to users. This achieves the reduction of generated rules.
Furthermore, it is shown that any redundant rule can be easily recon-
structed from our non-redundant rule with its approzrimate support and
confidence. The maximum errors of these values can be evaluated by
a user-defined parameter. We present an algorithm for constructing a
set of non-redundant rules, called an approzimate informative basis. The
completeness and weak-soundness of the basis are theoretically shown.
Any significant rule can be reconstructed from the basis and any rule
reconstructed from the basis is (approximately) significant. Some exper-
imental results show an effectiveness of our method as well.

1 Introduction

The discovery of association rules is an important task in the research area of
Data Mining. Its main purpose is to identify relationships among items in a
given large database. This kind of problem has firstly introduced by Agrawal,
et al. [I]. According to their statement, the problem can be divided into two
sub-problems:

Finding frequent itemsets:

Given a transaction database D, we try to find all frequent itemsets [] in D.
Generating confident association rules:

All confident association rules are generated based on the frequent itemsets.

1 An itemset is a set of items appearing in D.

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 141-{I54] 2001.
© Springer-Verlag Berlin Heidelberg 2001
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In order to solve the former problem, we would be required to search in an
itemset-lattice consisting of 2™ itemsets if we have m possible items. On the
other hand, the latter problem can be solved in a straightforward manner, once
we have all frequent itemsets. Therefore, the former is considered primary and
the latter, secondary in an efficient discovery of association rules. In fact, many
studies on association rule discovery have tended to concentrate on an efficient
computation of the frequent itemsets and many algorithms for this task have
been proposed [T415].

Thus, as many researchers have actually investigated, the task of finding all
frequent itemsets is one of the important subjects in the discovery of associa-
tion rules. However, we still have another significant issue to be addressed. It
is concerned with the number of rules generated from the obtained frequent
itemsets.

In general, a large number of rules are generated and then presented to a
user. Although it is ensured that the generated rules meet the requirements for
support and confidence given by the user E, they often include many rules that
are not so interesting to the user in fact. Therefore, the user has to check each
presented rule carefully in order to obtain actually interesting ones. However,
such a task is quite hard due to the large number of presented rules. In some
cases, unfortunately, several interesting rules might be missed. Therefore, it is
helpful for the user to reduce the number of generated (and presented) rules
without loss of any information of possible ones. The purpose of this paper is to
propose a method for such a reduction.

By introducing a notion of redundancy of association rules, Bastide, et al.
have proposed to identify only the set of nmon-redundant ones, called an infor-
mative basis, and to present the basis to the user. In a word, a non-redundant
rule can be viewed as a representative of a set of rules, each of which has ex-
actly the same support and confidence, and it can be easily reconstructed from
the representative. For example, assume we have the following association rules:
T = il — ig/\ig/\i4, To = il/\iz — i3/\i4 and Ty = il/\ig/\ig — i4,
where their supports and confidences are exactly identical. Given ry, the others
can be reconstructed from r; by a quite simple operation. Furthermore, their
precise supports and confidences can be obtained immediately. In this sense, o
and 73 are considered to be redundant and r; to be non-redundant B, Identifying
non-redundant rules is just sufficient to obtain the possible ones. As has been
mentioned above, since a non-redundant rule corresponds to a representative
of a set of rules, the number of non-redundant rules is expected to be much
smaller than one of the possible rules. By considering only non-redundant rules,
therefore, we can drastically reduce the number of rules to be generated.

From the author’s viewpoint, however, there often still exist many non-
redundant rules. It might be a costly task for users to check them. Although
we can easily reconstruct any redundant rule from a non-redundant one with its

2 If a rule meets the requirements, we say that the rule is significant.
3 In a word, such a non-redundant rule is characterized as one with the minimal
antecedent and the maximal consequent.
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precise support and confidence according to the original framework, the authors
would like to claim that

from a practical point of view, even though we cannot surely derive the
precise support and confidence of redundant rule, it would be worth
reducing the number of output rules further.

We try in this paper to propose a method for such a reduction by extending the
original approach. Especially for this purpose, the original notion of redundancy
is extended according to the claim above.

Since the support and confidence of our redundant rule can be approzimately
derived from a non-redundant one according to such an extended redundancy,
these approximate values might not satisfy some users who require a high pre-
cision of the derived values. In our framework, therefore, we can flexibly adjust
the maximum error by giving an adequate value of a user-defined parameter
(0 < e < 1). As € approaches 1, the maximum error increases, but the number
of non-redundant rules decreases. Conversely, as € approaches 0, the maximum
error approaches 0, but the number of non-redundant rules increases.

Given a user-defined parameter ¢, in order to describe our non-redundancy,
we define a set of rules w.r.t. ¢, called an approzimate informative basis (AIB(g)).
It will be proved that every rule r in AIB(e) has the following property:

Any rule r’ reconstructable from r has approrimately the same support
and confidence as ones of 7, where the maximum errors of these values
are evaluated by some formulas determined by e.

Thus a rule reconstructable from r is redundant. For the same reason, such a
rule r in AIB(e) is non-redundant, and can approximately represent any rule
reconstructable from it.

For any significant rule r, there always exists a corresponding non-redundant
rule in AIB(e) from which r can be reconstructed. No significant rule can be lost,
once AIB(e) is computed. The completeness in this sense and weak-soundness of
AIB(e) are summarized in a theorem. We present an algorithm for constructing
AIB(e). An effectiveness of our method is shown by some experimental results.

This paper is organized as follows. In the next section, we introduce some
terminologies used throughout this paper. In Section 3, we briefly explain the
original framework by Bastide, et al. Section 4 discusses our method for con-
structing AIB(e) with an example. Our preliminary experimental results are
presented in Section 5. We summarize this paper and give some discussions in
the last section. Especially, we briefly describe a new interactive strategy, which
we are going to develop, for identifying interesting rules based on the method
presented in this paper.

2 Preliminaries

Let Z be a finite set of items. An itemset [ is a non-empty subset of Z. A tuple
(id,1) is called a transaction, where id is a transaction identifier and [ is an



144 K. Kanda, M. Haraguchi, and Y. Okubo

itemset. A transaction database D is a finite set of transactions. We often refer
to itemset(id) as the itemset associated with id in a transaction.

For a transaction t = (id,l), we say that ¢ contains an itemset I’ if I’ C [.
Given a transaction database D, the support of an itemset |, denoted by sup(l),
is defined as the ratio of the number of transactions containing [ to the number of
all transactions in D. Let minsup be a user-defined threshold for the permissive
minimum support. An itemset [ is called a frequent itemset if sup(l) > minsup.

An association rule r is an implication between two itemsets which is of the
form r = I3 — (lo\ 1), where l; and Iy are itemsets such that [y C lo. The
support of r, denoted by sup(r), is defined as sup(r) = sup(l3). Furthermore, the
confidence of r, denoted by conf(r), is defined as conf(r) = sup(la) / sup(ly).
Let mincon f be a user-defined threshold for the permissive minimum confidence.
An association rule r is said to be significant if sup(r) > minsup and con f(r) >
minconf.

Given a transaction database D, let ZD be the set of transaction identifiers in
D. We consider a mapping 1 : 27 — 2P that is defined as ¥(l) = {id | (id,l') €
D Al C I'}. Moreover, we consider a mapping ¢ : 2ZP — 27 that is defined
as @(ID) = (\;qerp itemset(id). Based on these mappings, a closure operator
v i 28 — 27 is defined as y(I) = ((1)), that is, v computes the maximum
itemset that is shared with all transactions containing .

We say that an itemset [ is closed if v(I) = I. Since v(y(I)) = v(I) holds for
any itemset [, y(I) is a closed itemset. It should be noted that for any itemset I’
such that I C U C (1), v(') = v(I) and sup(l) = sup(l") = sup(y(1)) hold.

An itemset [ is called an ezact generator (E-generator) of v(I). For a frequent
closed itemset f, we refer to the set of E-generators of f as EG(f) and the set
of minimal E-generators of f as MEG(f), that is, MEG(f) ={ g | g €
EG(f)N Ag' € EG(f) such that ¢’ C g }. For a frequent closed itemset f and its
E-generator g € MEG(f), a tuple (g, f) is called an EGC-tuple. Given an EGC-
tuple (g, f), for any itemset ! such that ¢ C 1 C f, sup(g) = sup(l) = sup(f)
holds. The set of EGC-tuples w.r.t. D is referred to as EGC(D).

3 Informative Basis of Association Rules

In this section, we briefly introduce a method of reducing the number of gen-
erated rules [2]. The key notion of this approach is a redundancy of association
rule.

Definition 1. (Redundancy of Association Rule) [2]

Let » =13 — (I2\ l1) be an association rule. r is called a redundant rule iff there
exists an association rule ' =1 — (15 \ 1}) such that Ij C iy, o C U, v #r,
sup(r’) = sup(r) and conf(r') = conf(r). "

Intuitively speaking, a redundant rule r is a rule which has ezactly the same
support and confidence as ones of some non-redundant rule ' and can be eas-
ily reconstructed from r’ by a simple operation on itemsets. Therefore, a non-
redundant rule can be viewed as a representative of a set of redundant ones. This
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implies that extracting only non-redundant rules can be considered sufficient for
the discovery of all possible rules. Since it is obvious that the number of non-
redundant rules is smaller than that of all rules, we can reduce the number of
rules to be obtained by simply taking non-redundant ones into account.

Each non-redundant rule is characterized as a rule with the minimal an-
tecedent and maximal consequent and is formally defined in terms of F-generator
and closure. It is shown that any rule can be reconstructed from a non-redundant
rule with its precise support and confidence.

Furthermore, some experimental results show that the number of non-
redundant rules is much smaller than that of all possible rules. Therefore, the
method can be considered effective and promising in order to reduce the number
of rules to be generated. However, there often exist a large number of non-
redundant rules even though all redundant ones are discarded. Since the task of
checking them would be still costly for users, more reduction is strongly desired
to assist the user’s task.

In the next section, we try to propose a method for such a reduction by
extending the original approach.

4 Approximate Informative Basis of Association Rules

As just mentioned, we still have a large number of rules even if we consider
redundant ones to be unnecessary. Although we can easily reconstruct any re-
dundant rule from a non-redundant one with its precise support and confidence
according to the original framework, the authors would like to claim that

from a practical point of view, even though we cannot precisely derive the
supports and confidences of redundant rules, it would be worth reducing
the number of output rules further.

In this section, we try to propose a method for reducing the number of rules to
be generated. Especially for this purpose, the original notion of redundancy is
extended according to the claim above. In order to present our method, we first
introduce a notion of approximate generator.

4.1 Approximate Generators of Closed Itemsets

An approximate generator is an extension of E-generator and it can work more
flexibly.

Definition 2. (A-Generators)

Let [ be an itemset and f a closed itemset. [ is called an approximate generator
(A-generator) of f if v(I) C f and sup(f) / sup(y(l)) > 1 — ¢, where € is a
user-defined parameter (0 <e < 1). "

Note that any E-generator of a closed itemset f is an A-generator of f.
The following property plays a very important role in our method.
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Proposition 1.
Let g be an A-generator of a closed itemset f. For any itemset [ such that
gclcf,

sup(g) = sup(l) = (1 — £)sup(g)

and
sup(f) / (1 =€) = sup(l) = sup(f).

Proof.
From the definition of A-generator, 1 > sup(f) / sup(y(g)) > 1 — e holds.
Since sup(y(g)) = sup(g), we have sup(g) > sup(f) > (1 — €)sup(g). From
sup(g) > sup(l) > sup(f), therefore, sup(g) > sup(l) > (1 — €)sup(g) holds.
Based on the inequalities above, we can easily obtain sup(f) / (1 —¢) >
sup(l) > sup(f) as well. O
The proposition implies that sup(g) and sup(f) can be considered as approz-
imations of sup(l) if we could accept the errors. It should be noted here that
the maximum errors are precisely evaluated with the parameter . Therefore,
we can flexibly adjust the maximum errors so that they are permissible for us.
As € approaches 1, the maximum becomes larger. Conversely, as ¢ approaches
0, the maximum error approaches 0. That is, in case of ¢ = 0, any A-generator
corresponds to an E-generator.

4.2 Approximation of EGC-Tuples

As previously mentioned, for any itemset [, the support of [ can be precisely
identified with an EGC-tuple (g, f) such that g C 1 C f, since sup(g) = sup(l) =
sup(f). Therefore, based on the set of EGC-tuples w.r.t. D, EGC(D), we can
obtain the precise support of any itemset.

On the other hand, we define here an approzimation of EGC(D) with the
help of A-generators. Using the approximation, we can approximately identify
the support of any itemset with the maximum errors we just discussed.

Definition 3. (Approximation of EGC(D))

Let F be the set of frequent closed itemsets w.r.t. D and e, a user-defined
parameter (0 < & < 1). Consider a partition of F, {Fy,...,Fy} [l. For each
F;, there uniquely exists a closure f € F; such that Vf € F; f C f* and
sup(f#)/sup(f) > 1 — e. For each F;, let us consider AGC(F;) = {(g,fF) | g €
min(U;ep, MEG(f))} B. An approzimation of EGC(D) is defined as

AGC(D,¢) UAGC )
i=1

Each tuple in AGC(D,¢) is called an AGC-tuple. n

4 That is, F = U¥_1 F; and F; N F; = ¢ (i # j), where each F; is called a cell.
® For a set S, min(S) denotes the set of minimal elements in .S under the set-inclusion
ordering.
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From the definition, for each EGC-tuple (g, f) € EGC(D), it is obvious
that f uniquely belongs to some F; and there exists an AGC-tuple (g*, fF) €
AGC(D,¢) such that g* C g and f C f*. Moreover, for any AGC-tuple (g*, f*),
g* is an A-generator of f*. From these observations and Proposition[] therefore,
we can obtain the following statement.

Proposition 2.

For any frequent itemset I, there exists an AGC-tuple (g, f) € AGC(D,¢) such
that g C 1 C f. Furthermore, sup(g) > sup(l) > (1 —¢)sup(g) and sup(f) / (1—
) > sup(l) > sup(f) hold.

PropositionZimplies that AGC(D, ) can identify the support of any frequent
itemset approximately, where the maximum errors are precisely evaluated by
functions of ¢.

4.3 Approximate Informative Basis of Association Rules

Based on the set of AGC-tuples, AGC(D,¢), we can construct a basis of as-
sociation rules, called an approzimate informative basis(AIB), from which any
significant rule can be easily reconstructed with its approximate support and
confidence. Before giving the formal definition, we introduce a notion of approz-
imate source of association rules.

Definition 4. (Approximate Sources of Association Rules)
Let D be a transaction database, € a user-defined parameter (0 <e < 1) and F
the set of frequent closed itemsets. Assume that {F}, ..., Fj} is the partition of
F based on which AGC(D, ¢) is constructed.

For an EGC-tuple (g, f) € EGC(D), consider an F; such that f C f*. An
association rule to which the pair of (g, f) and AGC(F;) is attached,

s=g—(f\g) : ((9,f), AGC(F}) ),

is called an approzimate source (A-source) of association rules f. The set of
A-sources is referred to as AS(D,e¢). n

We can reconstruct a set of association rules from an A-source.

Definition 5. (Reconstruction of Association Rules from A-source)

Let s=g— (f*\g) : ((9,f), AGC(F) ) be an A-source. It is said that an
association rule Iy — (I2 \ l1) can be reconstructed from s if g C 1y C f and for
an AGC-tuple (¢*, f*) € AGC(F), g* Cls C f*. "

As shown in the next proposition, for any association rule that is recon-
structed from an A-source, its support and confidence can be within certain
ranges determined by the values of the source and €.

6 In what follows, depending on contexts, s often denotes only the rule g — (fi \ g)
of s.
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Proposition 3.

Let s be an A-source and 7 be an association rule reconstructed from s. Then
sup(s) conf(s)
1—c¢ 1—¢

> sup(r) > sup(s)  and > conf(r) > conf(s)

hold.

Proof.
Let s=g— (f*\g) : {((9,f), AGC(F) ) be an A-source and r =11 — (l2\1;)
be an association rule reconstructed from s. From the definition of reconstruc-
tion, g C I3 C f and for an AGC-tuple (¢*, f*) in AGC(F), g* C Iy C f* hold.
Note here that sup(g) = sup(ly) = sup(f). Furthermore, from Proposition [I]
sup(g*) > sup(ls) > (1 — e)sup(g®) and sup(f)/(1 - 2) > sup(la) > sup(f*)
holds.

Since sup(s) = sup(f*) and sup(r) = sup(lz), we can immediately obtain
sup(s)/(1 —e) > sup(r) > sup(s).

Moreover, since sup(g) = sup(l1) and sup(la) > sup(f*), sup(lz)/sup(ly) >
sup(f*)/sup(g) holds. Similarly, from sup(g) = sup(ly) and sup(f*)/(1 —¢) >
sup(la), sup(f*)/{(1 — e)sup(g)} > sup(lz)/sup(l1) holds. Therefore, we ob-

tain sup(f*)/{(1 — €)sup(g)} = sup(lz)/sup(lr) = sup(f*)/sup(g), that is,
conf(s)/(1 —¢€) > conf(r) > conf(s). O

The proposition states that if we could accept the errors, then sup(s) and
conf(s) can be viewed as approximations of sup(r) and conf(r), respectively.
That is, a set of association rules can be easily reconstructed from an A-source
with their approximate supports and confidences. In this sense, we can consider
these rules to be approzimately redundant (A-redundant).

Now we can define an approzimate informative basis of association rules from
which any significant rule can be reconstructed with its approximate values of
support and confidence.

Definition 6. (Approximate Informative Basis of Association Rules)
Let D be a transaction database, € be a user-defined parameter (0 < e < 1). An
approximate informative basis of the significant association rules w.r.t. D and ¢,
denoted by AIB(D,¢), is defined as the set of A-sources whose confidences are
not less than (1 — e)minconf:

AIB(D,e) ={ s | se€ AS(D,e) Aconf(s) > (1 — e)minconf }.

Theorem 1.

Weak-Soundness of AIB(D,¢) :
Any association rule r reconstructed from s in AIB(D,¢) is significant or at
worst A-significant E|

" For an association rule r, if sup(r) > minsup and minconf > conf(r) > (1 —
e)minconf, we say that r is approximately significant (A-significant).
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Completeness of AIB(D,¢) :
For any significant association rule r, there exists an A-source s in AIB(D, ¢)
from which r can be reconstructed.

Proof.

Weak-Soundness: Let » = [; — (I2 \ {1) be an association rule reconstructed
from an A-source s=¢g — (f*\g) : ((g,f), AGC(F) ) in AIB(D,¢). Then,
there exists an AGC-tuple (¢*, f*) in AGC(F) such that g* Cly C f*.

From Proposition B, sup(r) > sup(s) and conf(r) > conf(s). Since f* is a
frequent closed itemset, sup(f*) > minsup. From sup(s) = sup(f*), therefore,
we have sup(r) > minsup. Furthermore, since conf(s) > (1—e)minconf, we im-
mediately have conf(r) > (1 —e)minconf. Therefore, r is at worst A-significant.
Completeness: Let 7 =13 — (I3 \ I1) be a significant association rule. For each
l;, there exists an EGC-tuple (g;, f;) in EGC(D) such that ¢; C I; C f;. It
should be noted here that since I; C la, f1 C f2 holds. Assume that AGC(D,¢)
is constructed based on a partition of F, Px. For the EGC-tuple (g2, f2), we
can consider a cell F' of Pr such that fo C f*, where f* is the maximum
itemset in F. Therefore, there exists an AGC-tuple (¢*, f*) in AGC(F) such
that g* C g2 C fo C f*. Furthermore, f; C f* holds. Therefore, s = g1 — (f*\
a1) : {((q1,f1) , AGC(F) ) is an A-source from which r can be reconstructed.

Since r is a significant rule, sup(l2)/sup(ly) > minconf holds. By multiplying
both sides by (1 — &), we obtain (1 —&)sup(la)/sup(ly) > (1 — e)minconf. From
Proposition 2 sup(f*)/(1—¢) > sup(l2) holds, that is, sup(f*) > (1 —¢)sup(ls).
Therefore, we have sup(f*)/sup(ly) > (1 — e)minconf. Since sup(ly) = sup(g1)
and sup(f*)/sup(g1) = conf(s), AIB(D,¢) contains the A-source s. O

From Theorem [ it is ensured that once we have AIB(D,¢), no significant
rule can be lost.

4.4 Constructing Approximate Informative Basis

Given a transaction database D, minsup, minconf and a user-defined parameter
€, we can construct an approximate informative basis w.r.t. D and ¢, AIB(D,¢).
The construction process is divided into three sub-tasks:

1. Computing the set of EGC-tuples, EGC(D).
2. Computing an approximation of EGC(D), AGC(D,e¢).
3. Constructing an approximate informative basis, AIB(D,¢).

The first task can be performed by adopting a Close [3]-like algorithm and the last
one is straightforward. An algorithm for the second task, computing AGC(D,¢)
from EGC(D), is shown in Figure 1. In general, as € becomes larger, the num-
ber of iteration for the while-loops decreases. The worst case complexity of the
algorithm is O(N?), where N is the size of EGC(D) (that is, the number of
EGC-tuples in EGC(D)).
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Input : EGC(D) and ¢.
Output : AGC(D,¢).
AGC(D,e) « ¢;
EG «— ¢; Rem «— ¢; Min «— ¢;
while EGC(D) # ¢ do
pick up ¢t = (g, f) from EGC(D);
while EGC(D) # ¢ do
remove t' = (¢’, f') from EGC(D);
If fCf N sup(f)/sup(f’)>1-¢
then EG — EG U {g'};
else Rem «— Rem U {t'};
end
end
Min < the set of minimal elements of EG;
for g € Min do
AGC(D,e) — AGC(D,e) U{(g, )};
end
EGC(D) « Rem;
EG «— ¢; Rem «— ¢; Min «— ¢;
end
Output AGC(D,¢)

Fig. 1. Algorithm for Constructing AGC(D, ¢)

Example:

For the transaction database D shown in Figure B] we try to construct an
approximate informative basis. In the database, each itemset is represented in a
simple form. For example, an itemset {a, b, c} is denoted as abc. We assume here
that minsup = 1/6 and € = 0.7.

At first, the set of EGC-tuples, EGC(D), is computed. For the database, we
can obtain the following 10 EGC-tuples:

EGC(D) ={ (a,ac) : 3/6, (b,b) :5/6, (c,c):5/6, (d,acd) :2/6, (e, be) : 4/6,
(ab,abe) : 2/6, (ae,abee) : 1/6, (be,be) : 4/6,
(bd, abed) : 1/6, (ce,bee) : 3/6 },

where the value attached to each tuple is the support of the tuple.
Then an AGC(D, ¢) is constructed from EGC(D) according to the algorithm
in Figure [l For example, we have

AGC (D, e) = { (a,abce), (ce,abce), (d,abed), (b,be), (e, be), (¢, bc) }.
It should be noted here that the set of frequent closed itemsets,
F = { abce, abcd, abe, bee, acd, ac, be, be, b, ¢},

is divided into the following 4 cells:
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ID|itemset
acd
bce

abce

be
abcd
bce

U W N

Fig. 2. Example of Transaction Database

Fy = { abce, abe, bee, ac },
Fy = { abed, acd },

Fs={be, b} and
Fy={be c}.
That is,
AGC(Fy) = { (a,abce), (ce,abce) },
AGC(F) = { (d, abed) },
AGC(F3) = { (b,be), (e,be) }  and
AGC(Fy) ={ (¢, bc) }.

Based on AGC(D, ¢), we can obtain the set of A-sources, AS(D, ), consisting
of 20 sources. Assuming minconf = 0.85, we have the following approximate
informative basis consisting of 12 sources:

AIB(D,e)={s1 =
Sy =a—
s3 =b— (be\b
sg =b— (bc\b
s5 =c— (be\
S6 —d—>(abcd d) :
s7 =e— (be\ (

S8 zab—>(abce\ab)

s9 = ab— (abed \ ab) :

s10 = ae — (abce \ ae) :
s11 = bd — (abed \ bd) :
(

s12 = ce — (abce \ ce) :

\
)
)+ ((b,0), AGC(Fy)),
) : <(> )7AGC<F4>
\
e)

: {(a,ac), AGC(F1)),

: {(a,ac), A

: <(b b), AGC(F3)
F

)

(

GCO(F2)),
)
)

((d, acd), AGC(F3)),

(e,be), AGC(F3)),

. ((ab, abe), AGC(Fy)),
((ab, abc), AGC(F5)),
((ae, abce), AGC(F)
((bd, abed), AGC(Fy)
((ce, bee), AGC(F1))

i

)
),
}
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Table 1. Experimental Results

minsup = 0.1

minconf = 0.7

minconf = 0.5

minconf = 0.3

Close 5,134 9,290 15,048
Our System (e = 0.1) 1,733 2,985 4,444
Our System (e = 0.2) 1,196 1,793 2,502

minsup = 0.05
minconf = 0.7\minconf = 0.5|minconf = 0.3

Close 7,742 15,594 28,712
Our System (e = 0.1) 3,203 5,817 9,822
Our System (e = 0.2) 2,194 3,600 5,500

minsup = 0.01
minconf = 0.7/minconf = 0.5|minconf = 0.3

Close 11,997 28,458 59,153
Our System (¢ = 0.1) 6,900 13,290 25,113
Our System (e = 0.2) 3,824 6,357 10,432

For example, from the A-source s1, an association rule » = a — (ac\ a) can
be reconstructed with its approximate support and confidence, 1/6 (= sup(s1))
and 1/3 (= conf(s1)). On the other hand, its precise support and confidence
are 1/6 and 1, respectively. We can easily verify that the error of the confidence
surely follows Proposition Bl

5 Experimental Results

In this section, we present our preliminary experimental results.

In order to verify an effectiveness of our method, we have implemented a
system to compute an AIB based on the algorithms presented in the previous
section. The algorithm Close has been implemented as well to compare with the
original method by Bastide, et al. Our system and Close have been written in C'
and have been tested on a 400MHz Pentiumll PC with 160MB memory.

For our experimentation, we have obtained “1984 United States Congres-
sional Voting Records Database”, a database from the UCI Repository [7]. It
consists of 435 transactions and the number of possible items is 17. Our system
has computed Al Bs for the database in various settings of parameters, minsup,
manconf and €.

The numbers of rules output by each system are summarized in Table [
where the results obtained by the original method is referred to as Close.

For each parameter setting, our system has output fewer rules compared to
that by Close. In the most effective case, about 70% reduction has been achieved
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compared to Closeﬁ. Even in the worst case, about 43% reduction has been
achieved. Therefore, we can consider that our method is very effective to reduce
the number of generated rules.

6 Concluding Remarks

In this paper, we have presented a method for constructing an approximate in-
formative basis (AIB) for significant association rules from which any significant
rule can easily be reconstructed with its approximate support and confidence.
The maximum errors of these values are precisely evaluated by some formulae
determined by a user-defined parameter €. Therefore, we can flexibly adjust the
preciseness of these approximate values. Some experimental results have shown
that our method can drastically reduce the number of rules to be generated com-
pared to the original framework. Therefore, readability and understandability for
the rules would be improved by providing an adequate value of €.

As a next step of this study, we are planning to formalize a method for
identifying actually interesting rules with their support and confidence in an
interactive manner. In the initial stage, € is given a value close to 1 by a user
and we obtain a rough AIB for which we can easily and completely check the
contents. By checking them, the user selects several A-sources from which some
interesting rules seem to be reconstructed. Then the user decreases the value of
€ to obtain a more precise AIB. It should be noted that the system presents
only a part of the AIB which is relative to the A-sources previously selected
by the user. Therefore, we can obtain a more precise AI B keeping the number
of contents small. For the presented AIB, similar processes are iteratively per-
formed until the user satisfactorily identifies interesting rules with their support
and confidence. At each stage, since the system keeps the number of contents
of presented AIB compact, the selection tasks by the user would not be costly.
Therefore, such a system would be quite helpful for users who try to discover
interesting rules easily.

In order to construct such an interactive system, we are expecting that the
efficiency of computing AIB has to be improved more. Our AIB is currently
computed by adopting an extended algorithm of Close [3]. Although Close can
efficiently identify the set of frequent closed itemsets, several new algorithms
for the same task have been proposed recently, e.g., A-Close [4], CHARM [6] and
CLOSET [5]. By adopting these algorithms, the efficiency of computation of AIB
would be improved.
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Abstract. Document retrieval can be considered as a basic but impor-
tant tool for text mining that is capable of taking a user’s information
need into account. However, document retrieval is a hard task if multi-
topic lengthy documents have to be retrieved with a very short descrip-
tion (a few keywords) of the information need. In this paper, we focus
on this problem which is typical in real world applications. We experi-
mentally validate that passage-based document retrieval is advantageous
in such circumstances as compared to conventional document retrieval.
Passage-based document retrieval is a kind of document retrieval which
takes into account only small fractions (passages) of documents to judge
the document relevance to the information need. As a passage-based
method, we employ the method based on density distributions of key-
words. This is compared with the following three conventional methods
for document retrieval: the vector space model, pseudo-feedback, and
latent semantic indexing. Experimental results show that the passage-
based method is superior to the conventional methods if long documents
have to be retrieved by short queries.

1 Introduction

The growing number of electronic textual documents has created the need of
intelligent access to the information implied by them. The goal of text mining is
to discover novel nuggets of information from a huge collection of documents to
fulfill the need in the ultimate sense [I]. The unstructured nature of documents,
however, makes it difficult to realize the goal in a general way. The current state-
of-the-art is to approach the goal by integrating the tools developed so far in
other related research areas [2], though their functionality and/or domains of
interest are still restricted. In order to take a step forward, it would be required
both to devise a novel combination of the tools and to polish them up.

A typical scenario of text mining would be that (1) information extraction
is utilized to obtain the information from documents, (2) data mining is applied

K.P. Jantke and A. Shinohara (Eds.): DS 2001, LNAI 2226, pp. 155-[169] 2001.
© Springer-Verlag Berlin Heidelberg 2001
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to the extracted information to derive novel information. In this scenario, infor-
mation of interest is fixed in the first stage of the processing. Another possibility
is mining based on a user’s ad-hoc information need. In this scenario, document
retrieval is a tool applied at the first stage of processing to select documents
analyzed at later stages. Although the research area of document retrieval has
several decades of history, it is still not trivial to retrieve documents relevant to
a user’s need. Two major problems uncovered through the research activities are
as follows:

Multi-topic documents. If a document is beyond the length of abstracts, it
often contains several topics. Even though one of them is relevant to the
user’s need, the rest are not necessarily relevant. As a result, these irrelevant
parts severely disturb the retrieval of documents.

Short queries. It is common that a user’s information need is fed to a system as
a set of query terms. However, it is not an easy task for a user to transform the
need into query terms. From the analysis of Web search logs, for example, it
is well-known that typical users issue quite short queries consisting of several
terms. Such queries are too poor to retrieve documents appropriately.

In conventional document retrieval, the retrieval of multi-topic documents
is a hard task since there is no way to avoid the influence of irrelevant parts
of documents. In order to tackle this problem, some researchers have proposed
a different way of retrieval called passage-based document retrieval [3J45]. In
passage-based document retrieval, documents are retrieved based only on frac-
tions (passages) of documents in order not to be disturbed by the irrelevant
parts. It has been shown in the literature that passage-based document retrieval
outperforms conventional document retrieval in processing long documents [5].
To handle passages as units of retrieval is advantageous to the application to text
mining since it also gives a clue to extract relevant parts from the documents.

In this paper, we experimentally validate that, for the second (short queries)
problem, passage-based document retrieval is also superior to conventional doc-
ument retrieval. As a method of passage-based retrieval, we utilize a method
based on “density distributions” [6]. This method segments documents into pas-
sages dynamically in response to a query. As conventional methods, we employ
the following three [7l8]: the vector space model, pseudo-feedback and latent
semantic indexing.

2 Conventional Document Retrieval

Let us begin with an overview of conventional document retrieval methods. The
task of document retrieval is to retrieve documents relevant to a given query from
a fixed set of documents or a document database. In a common way to deal with
documents as well as queries, they are represented using a set of index terms
(simply called terms from now on) by ignoring their positions in documents and
queries. Terms are determined based on words of documents in the database.
In the following, ¢; (1 <4 < m) and d; (1 < j < n) represent a term and a
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document in the database, respectively, where m is the number of terms and n
is the number of documents.

2.1 Vector Space Model

The vector space model (VSM) [7] is the simplest retrieval model. In the VSM,
a document d; is represented as a m dimensional vector:

dj = (U)lj, ...,wmj)T s (1)

where T indicates the transpose, w;; is a weight of a term ¢; in a document d;.
A query q is likewise represented as
)T

, (2)

q = (wlq, coey Wing

where w;, is a weight of a term ¢; in a query q.
So far, a variety of schemes for computing weights have been proposed. In
this paper, we employ a standard scheme called “tf-idf” defined as follows:

Wi = tfij . ldfl 5 (3)

where tf;; is the weight calculated using the term frequency f;; (the number of
occurrences of a term ¢; in a document d;), and idf; is the weight calculated
using the inverse of the document frequency n; (the number of documents which
contain a term ¢;). In computing tf;; and idf;, the raw frequency is usually
dampened by a function. We utilize tf;; = /f;; and idf; = log(n/n;) where n is
the total number of documents. The weight w;, is similarly defined as w;q, = \/fT-q
where f;; is the frequency of a term ¢; in a query gq.

The result of retrieval is represented as a list of documents ranked according
to their similarity to the query. The similarity sim(d;, q) between a document
d; and a query ¢ is measured by the cosine of the angle between d; and q:

dlq
sim(d;, q) = 2L @
’ ;I llqll
where || - || is the Euclidean norm of a vector.

2.2 Pseudo-Feedback

A problem of the VSM is that a query is often too short to rank documents
appropriately. To cope with this problem, it has been proposed to enrich an
original query by expanding it with terms in documents.

A method called “pseudo-feedback” [g] is known as a way to obtain the terms
for expansion. In this method, first, documents are ranked with an original query.
Then, highly ranked documents are assumed to be relevant and their terms are
incorporated into the original query. Documents are ranked again by using the
expanded query.
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In this paper, we employ a simple variant of pseudo-feedback. Let E be a set
of document vectors for expansion given by

E:{dj_sim(d;_q))>7} , (5)

max; sim(d;, q
where q is an original query vector and 7 is a threshold of the similarity. The
sum d, of document vectors in E:

d,= > df (6)

d;r €E

can be considered as enriched information about the original query. Then, the
expanded query vector q’ is obtained by

/ q d
qg=—+X , (7)
lall ~[lds|

where A is a parameter for controlling the weight of the newly incorporated
component. Finally, documents are ranked again according to the similarity
sim(d;, q’) to the expanded query.

2.3 Latent Semantic Indexing

Latent semantic indexing (LSI) [7J8] is another well-known way to improve the
VSM. Let D be a term-by-document matrix defined by

D= (dy,..,d,) , (8)

where d; = d;/|d,||. By applying the singular value decomposition, D is de-
composed into the product of three matrices:

D=USvVT , (9)

where U and V' are matrices of size m x r and n x r (r = rank(D)), respectively,
and S = diag(oy,...,0,) is a diagonal matrix with singular values o; (0; > o;
if © < j). Each row vector in U (V) corresponds to a r-dimensional vector
representing a term (document).

By keeping only the k(< r) largest singular values in S along with the cor-
responding columns in U and V, D is approximated by

Dy, = U, SiViE | (10)

where Uy, S and Vj, are matrices of size m x k, k x k and n x k, respectively. This
approximation allows us to uncover “latent” semantic relation among terms as
well as documents.
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The similarity between a document and a query is measured as follows. Let
v; = (vj1,...,V5%) be a row vector in Vj, = (vj;) (1 < j <n,1 <i<k). In the
k-dimensional (approximated) space, a document d; is represented as

d; = Spv] . (11)
An original query is also represented in the k-dimensional space as
a =Uiq . (12)

Then the similarity is obtained by sim(d}, g*).

3 Passage-Based Document Retrieval

Passages used in passage-based methods can be classified into three types: dis-
course, semantic and window [3]. Discourse passages are defined based on dis-
course units such as sentences and paragraphs. Semantic passages are obtained
by segmenting text at the points where the subject of text changes. Window
passages are determined based on the number of terms.

In this paper, we employ a passage-based method with window passages
called “density distributions” (DD). The density distribution was first introduced
to locate the descriptions of a word [9] and applied to passage retrieval by some
of the authors [6].

The fundamental idea of DD is that parts of documents which densely contain
the terms in a query are relevant to it. Figure [l shows an example of a density
distribution. The horizontal axis indicates the positions of terms in a document.
The distribution of query terms in the document is shown as spikes in the figure:
their height indicates the weight of a term. The density distribution shown in the
figure is obtained by smoothing the spikes with a window function. The details
are as follows.

Let a;j(l) (1 <1< Lj;) be a term at the position ! in a document d; where
L; is the length of a document d; measured in terms. The weighted distribution
b;(1) of terms in a query g is defined by

b;(l) = {O otherwise . (13)

Smoothing of b;(l) enables us to obtain the density distribution dd;(l) for a
document d;:
w2
dd;(l) = > f@)bi(—2), (14)

r=—W/2

where f(x) is a window function with a window size W. We employ the Hanning
window function defined by

flz) = {é(l + cos 2m ) if 2] < W/2

0 otherwise , (15)
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Fig. 2. Hanning window function.

whose shape is illustrated in Fig. 2l

In order to utilize DD as a passage-based document retrieval method, a score
of a document is calculated using the density distribution. The score of d; for a
query q is obtained as the maximum value of its density distribution as follows:

score(d;, q) = max dd;(1) . (16)

This score is used to rank documents according to a query.

4 Experimental Comparison

In this section, we show the results of the experimental comparison. After the
description of the test collections employed for the experiments, our methods
for evaluating the results are described. Then, the results of experiments are
presented and discussed.
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Table 1. Statistics about documents in the test collections.

[MED[CRAN] CR [ FR

size [MB] 1.1 1.6 235 209
no. of doc. 1,033| 1,398| 27,922| 19,789
no. of terms’ 4,284 2,550 37,769| 43,760
doc. len.* min. 20 23 22 1

max. 658 662(629,028|315,101

mean 155/ 162| 1,455| 1,792

median| 139 142 324 550
1 : counted in words after stemming and eliminating stopwords
1 : counted in words before stemming and eliminating stopwords

Table 2. Statistics about queries in the test collections.

MED|CRAN CR FR
title desc narr|title desc narr

no. of queries 30 225 34 85
query len.” min. 2 3l 2 4 12| 1 3 12
max. 33 21 7 19 79 9 22 93
mean | 10.8 9.2/ 3.0 7.7 28.7| 3.5 10.4 37.0
median| 9.0 9.0| 3.0 6.5 24.5| 3.0 10.0 34.0

1 : counted in words after stemming and eliminating stopwords

4.1 Test Collections

We made a comparison using four test collections: MED (medicine), CRAN
(aeronautics), FR (federal register), CR (congressional record). The collections
MED and CRAN are available at [12], and FR and CR are contained in the
TREC disks No.2 and No.4, respectively [I3]. All collections are provided with
queries and their groundtruth (a list of documents relevant to each query). For
these collections, terms used for document representation were obtained by stem-
ming and eliminating stopwords L.

Tables [ and [2 show some statistics about the collections. In Table [II an
important difference is the length of documents: MED and CRAN consist of ab-
stracts, while FR and CR contain much longer documents. In Table[2] a point to
note is the difference of query length. In the TREC collections, each information
need is described by query types of different length. In order to investigate the
influence of query length, we employed three types: “title” (the shortest represen-
tation), “desc” (description; medium length) and “narr” (narrative; the longest).

1 . .
Words which convey no meaning such as “the”.
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4.2 Evaluation

Average Precision. A common way to evaluate the performance of retrieval
methods is to compute the (interpolated) precision at some recall levels. This
results in a number of recall / precision points which are displayed in recall-
precision graphs [7]. However, it is sometimes convenient for us to have a
single value that summarizes the performance. The average precision (non-
interpolated) over all relevant documents [7112] is a measure resulting in a single
value. The definition is as follows.

As described in Sect. 2l the result of retrieval is represented as the ranked list
of documents. Let r(7) be the rank of the i-th relevant document counted from
the top of the list. The precision for this document is calculated by ¢/r(i). The
precision values for all documents relevant to a query are averaged to obtain a
single value for the query. The average precision over all relevant documents is
then obtained by averaging the respective values over all queries.

For example, consider two queries ¢; and g, which have two and three relevant
documents, respectively. Suppose the ranks of relevant documents for ¢; are 2
and 5, and those for ¢o are 1, 3 and 10. The average precision for ¢; and gs is
computed as (1/2+2/5)/2 = 0.45 and (1/142/3+3/10)/3 = 0.66, respectively.
Then the average precision over all relevant documents which takes into account
both queries is (0.45 + 0.66)/2 = 0.56.

Statistical Test. The next step for the evaluation is to compare the values of
the average precision obtained by different methods. An important question here
is whether the difference in the average precision is really meaningful or just by
chance. In order to make such a distinction, it is necessary to apply a statistical
test.

Several statistical tests have been applied to the task of information re-
trieval [TOJTT]. In this paper, we utilize the test called “macro t-test” [11] (called
paired t-test in [10]). The following is the summary of the test as described in
[10].

Let a; and b; be the scores (e.g., the average precision) of retrieval methods
A and B for a query i and define d; = a; — b;. The test can be applied under the
assumptions that the model is additive, i.e., d; = pu+¢; where p is the population
mean and ¢; is an error, and that the errors are normally distributed. The null
hypothesis here is p = 0 (A performs equivalently to B in terms of the average
precision), and the alternative hypothesis is p > 0 (A performs better than B).

It is known that the Student’s t-statistic

d

follows the t-distribution with the degree of freedom of n — 1, where n is the
number of samples (queries), d and s? are the sample mean and variance:

o1&
d=— d; 18
PR (18)

t= (17)



Passage-Based Document Retrieval as a Tool for Text Mining 163

Table 3. Values of parameters.

CR, FR
1.0, 2.0
0.71 ~ 0.99 step 0.02
50 ~ 500 step 50
20 ~ 100 step 10, and 150,200,300

[ parameter [ MED, CRAN [

PF |weight A 1.0, 2.0
threshold 710.71 ~ 0.99 step 0.02
LSI|dimension k| 60 ~ 500 step 20
DD|window size W| 20 ~ 200 step 20

Table 4. Best parameter values.

MED|CRAN CR FR
title desc narr|title desc narr
PF A\| 2.0 1.0 [1.0 1.0 1.0|1.0 2.0 1.0
710.71| 0.85 [0.85 0.85 0.93|0.83 0.71 0.71
LSI k| 60 260 [300 500 400350 500 500
DD W| 80 100 | 50 90 200| 90 40 40

1 < -
2 d; —d)? .
—— D (di—d)

i=1

(19)

By looking up the value of ¢ in the t-distribution, we can obtain the P-
value, i.e., the probability of observing the sample results d; (1 < ¢ < n) under
the assumption that the null hypothesis is true. The P-value is compared to a
predetermined significance level « in order to decide whether the null hypothesis
should be rejected or not. As significance levels, we utilize 0.05 and 0.01.

4.3 Results for the Whole Collections

The methods PF (pseudo-feedback), LSI (latent semantic indexing) and DD
(density distributions) were applied by ranging the values of parameters as shown
in Table Bl Figure[3 exemplarily illustrates the variation in the average precision
when varying the threshold 7 in PF (A = 1.0; left) and the window size W in
DD (right). The lines in the graphs were obtained from the experiments on the
collections CR and FR. Since these collections have three query sets (title, desc,
narr), six lines are shown in each graph. In the graph of PF, the average precision
fluctuated slowly but irregularly with the threshold 7. On the other hand, the
average precision of DD partly changed rapidly on smaller window sizes, and
showed a tendency to converge as the window size became larger. Since better
performance of DD was often obtained with smaller window sizes, DD would be
more sensitive to the parameter W than PF to 7. Although it is an important
topic to develop a method of automated adjustment of the window size, it is
beyond the scope of this paper; we simply selected the best values of parameters
which are shown in Table [l

Table Bl shows the average precision obtained by using the best parameter
values. In Table [, the best and the second best values of average precision
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PF (A=1.0) DD
—— CR/title -
—— CR/title
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Fig. 3. Variations in the average precision.

Table 5. Average precision over all relevant documents.

MED CRAN CR FR

title desc narr title desc narr
VSM| 0.530 0.401 0.127 0.172 0.172 0.098 0.094 0.120
PF 0.640 0.450 0.169 0.195 0.184 0.115 0.123 0.119
(+20.8%)|(+12.2%) |(+33.1%) (+13.4%) (+7.0%) |(+17.3%) (+30.9%) (—0.8%)
LSI 0.685 0.444 0.101 0.128 0.134 0.043 0.051 0.075
(429.2%) | (+10.7%) | (—20.5%) (—25.6%) (—22.1%)[(—56.1%) (—45.7%) (—37.5%)
DD 0.507 0.370 0.165 0.159 0.151 0.177 0.207 0.237
(=4.3%) | (=7.7%) |(+29.9%) (—7.6%) (—12.2%)|(+80.6%) (+120%) (+97.5%)

() : difference to the VSM

among the methods are indicated in bold and italic fonts, respectively. In the
parentheses, the ratio of difference to the VSM is noted. Let = and y be the
average precision by the VSM and a method for comparison, respectively. The
ratio is calculated by (y — z)/x. Thus a positive and a negative value indicate
gain and loss, respectively.

The results of the macro t-test for all pairs of methods are shown in Table
The meaning of the symbols such as “>”, “>” and “~” is summarized at the
bottom of the table. For example, the symbol “>” was obtained in the case of
DD compared to the VSM for the MED collection. This indicates that, at the
significance level a = 0.05, the null hypothesis “DD performs equivalently to the
VSM” is rejected and the alternative hypothesis “DD performs worse than the
VSM?” is accepted. At @ = 0.01, however, the null hypothesis cannot be rejected.
Roughly speaking, “A > (<K)B”, “A > (<)B” and “A ~ B” indicate that “A is
almost guaranteed to be better (worse) than B”, “A is likely to be better (worse)
than B” and “A is equivalent to B”, respectively.

The results shown in Tables Bl and [6] can be summarized as follows:
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Table 6. Results of the macro t-test.

methods |MED|CRAN CR FR

A B title desc narr|title desc narr
DD - VSM| < < ~~ D> > >
DD- PF | K < ~ > >
DD- LSI | <« < ~Ny > > >
PF - VSM| > > > o~ o~~~y > ~
PF - LSI | <« ~ > o~ o~ > > >

LSI - VSM| > > ~r vy KK L
>, L0 P-value < 0.01
>, < :0.01 < P-value < 0.05
~ :0.05 < P-value

— For the collections of short documents (MED and CRAN), the methods PF
and LSI outperformed the VSM and DD.

— For the collection CR which includes long documents, the methods mostly

performed equivalently. The exception was the performance of PF. As shown
in Table B PF was better than the VSM and LSI for the shortest queries
(title) as well as DD for the middle length queries (desc).
Note that methods are found to be equivalent by the statistical test even
though the ratios of the difference of the average precision are bigger than
those for MED and CRAN. For example, PF outperformed the VSM for
MED and CRAN with the ratios +20.8% and +12.2%, while DD was equiv-
alent to the VSM for CR with the ratio +29.9% (cmp. Table [). This is
because, in the statistical test, not only the average precision but also its
variance and the number of queries are taken into account.

— For the collection FR which also includes long documents, on the other hand,
DD clearly outperformed the other methods. The advantage of PF and LSI
for the collections of short documents did not hold here.

From the above results, the influence of the length of documents and queries
to the performance of the methods remains unclear. Although it has been shown
that DD is inferior to PF and LSI for short documents, DD outperformed the
other methods only for one of the collections which contain long documents.
This could be because of the nature of the collections CR and FR. Although
these collections include much longer documents than MED and CRAN, they
also include many short documents as shown by the gap between the mean and
the median in Table [

4.4 Results for Partitioned Collections

In order to clarify the relation be