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Abstract

The purpose of this paper is to develop an evolutionary program-
ming based system that performs data mining on databases repre-
sented as graphs. The importance of such an endeavor can hardly
be overemphasized, given that much of the data collected nowa-
days is structural in nature, or is composed of parts and relations
between the parts, which can be naturally represented as graphs.
The searching capability of evolutionary programming is utilized
for discovering concepts or substructures that are often repeating
in such structural data. The superiority of the proposed technique
over the previously developed SuBDUE system (Cook and Holder
2000), which uses a computationally constrained beam search in
the space of substructures, is demonstrated for a number of data
setsin the Web domain.

Introduction

In recent times there has been a surge of activity aimed at
discovering interesting patterns, concepts and structural rep-
etitions in large amounts of data that is routinely collected
(Cheeseman and Stutz 1996; Fisher 1987; Quinlan 1993).
Although much of the data collected has an explicit or im-
plicit structural component (e.g., spatial or temporal), few
discovery systems are designed to handle this type of data
(Fayyad, Piatetsky-Shapiro, and Smyth 1996). One method
for discovering knowledge in structural data is the identifi-
cation of common substructures or conceptsthat describein-
teresting and repetitive substructures within structural data.
Once discovered, the substructure concept can be used to
simplify the data by replacing instances of the substructure
with a pointer to the newly discovered concept. The discov-
ered substructure concepts allow abstraction over detailed
structure in the original data and provide new, relevant at-
tributes for interpreting the data.

A variety of approachesto discovery using structural data
have been proposed (e.g., (Conklin 1995; Thompson and
Langley 1991; Cook and Holder 2000)). Many of these
approaches use a knowledge base of concepts to classify
the structural data. These systems perform concept learn-
ing over examples and categorization of observed data. The
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SuBDUE system developed in (Cook and Holder 2000) dis-
covers interesting substructures in structural data by using
a beam search in order to constrain the search space of the
substructures. Because any such search algorithm is limited
by the choi ce of the beam width, it may often end up provid-
ing sub-optimal results.

In order to overcome thislimitation, in this article we pro-
pose an evolutionary programming based substructure dis-
covery agorithm. Evolutionary programming (EP) was in-
troduced by Fogel et al. (Fogel 1962; Fogel, Owens, and
Walsh 1966; Porto et al. 1998) as a means to develop ar-
tificia intelligence. EP makes use of a metaphor of natural
evolution, according to which, aproblem playstherole of an
environment wherein lives a population of individuals, each
representing a possible solution to the problem. The degree
of adaptation of each individual, i.e., the candidate solution,
to its environment is expressed by a measure known as a fit-
ness function. The phenotype of each individual is generally
encoded in some manner into its genome and known as chro-
mosome. Like evolution in nature, EP potentially produces
progressively better solutions to the problem by introducing
new genetic material into the chromosome using only mu-
tation. The effectiveness of the EP-based substructure dis-
covery algorithm proposed in this article is demonstrated on
several data sets generated from web pages. Its performance
is compared to that of the previously developed SUBDUE
system (Cook and Holder 2000) for these data sets.

Concept Discovery from Structured Data

The aim of the concept discovery algorithm is to detect pat-
ternsthat are often repeating in structured data, such that the
structural conceptsin it are represented and the original data
is compressed. The searching capability of EP, along with
its characteristic of coming out of local optimais used for
this purpose. In this section, we first model the substructure
discovery problem. This is followed by the description of
the EP-based discovery technique.

Problem Formulation

The structured data is represented as a labeled graph. Ob-
jects in the data map to vertices or small subgraphs in the
graph, and relationships between objects map to directed or
undirected edgesin the graph. A substructure is a connected
subgraph within the graphical representation. Aninstance of
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Figure 1: Example substructure in graph form.

asubstructurein an input graph isa set of vertices and edges
from the input graph that match, graph theoretically, to the
graphical representation of the substructure. This graphical
representation serves as input to the substructure discovery
system. Figure 1 shows a geometric example of a database.
The graph representation of the discovered substructure is
also shown, and one of the four instances of the substructure
is highlighted in the picture.

Evolutionary Programming for Substructure
I dentification

EP belongs to the same category of evolutionary com-
putation as genetic algorithms (GAs) (Goldberg 1989;
Michalewicz 1992; Mitchell 1996), the primary differences
being (i) EP does not place any constraint on the represen-
tation, while GA usually requires the problem solutions to
be encoded as strings, and (ii) EP does not use any sexua
reproduction (or crossover), while crossover is one of the
fundamental operators in GA. In EP only mutation is ap-
plied on the parent chromosomes to produce offspring. The
offspring are then evaluated in the same way astheir parents.
Subsequently the next generation is selected from collection
of both the parents and the offspring. This process is re-
peated for a number of generations until some termination
criterion is attained. In this regard, EP is quite similar to
evolutionary strategies (ES) (Schwefel 1987), although the
two approaches evolved independently.

A chromosome in the EP-based discovery scheme con-
tains a pointer to a substructure in the graph. Since perform-
ing crossover between two such chromosomes, each point-
ing to just asingle substructure, is not really meaningful, we
mainly rely on the mutation and selection operators to lead
usto potentially better solutions. This was the main motiva-
tion behind using EP (instead of the more commonly used
GA) as the underlying search and optimization tool for the
task of substructure discovery from graphical data.

The substructure discovery algorithm used by the EP-
based technique is shown in figure 2. Here G is the in-
put graph, Pop-Sze denotes the number of chromosomesin
the population and Limsit is the maximum number of iter-
ations of EP. The first task in the EP-based discovery al-
gorithm is the generation of the initial population which is
done randomly. The substructures in the initial population
consist of a single edge with two vertices. These substruc-
tures are evaluated, and the value is assigned to the fithess of

the corresponding chromosomes. Mutation is used to per-
turb a chromosome to generate a new one, which are then
evaluated. Selection is performed on the set of parent and
mutated chromosomes to yield the next generation. The cy-
cle of fitness evaluation, mutation and selection continues
for a number of generations until a termination criterion is
attained. The different steps of the proposed technique are
described below.

Population Initialization:  All possible substructures
having a single edge with two vertices are generated in the
following way: For each unique vertex label, a substructure
is assembled whose definition is avertex with that |abel, and
whose instances are all of the verticesin G with that 1abel.
Each of these substructures is inserted in ParentList. Each
substructure is then in turn removed from the head of Par-
entList, and each of itsinstances is extended in all possible
ways. Thisis done by adding a new edge and vertex in G
to the instance. The first instance of each unique expansion
becomes a definition for a new child substructure, and al of
the child instances that were expanded in the same way (i.e.,
by adding the same new edge with new vertex to the same
old vertex) become instances of that child substructure. In
addition, child instancesthat were generated by different ex-
pansions, and that match the child substructure definition,
graph theoretically, also become instances of the child sub-
structure. The substructure definition and its instances are
inserted in the ChildList. For each chromosomein theinitial
population, its pointer is set to the address of a substructure
randomly selected from ChildList.

Fitness Evaluation: The substructure S pointed to by a
chromosome is eval uated based onitssize, SizeO f(S), and
the size of the graph G compressed using S, SizeO f (G, S).
The lower the value of SizeOf(G,S) + SizeOf(S),
the better is the discovered substructure in terms of its
compressability. Note that since our am is to mini-
mize this quantity, we define the fitness of a chromo-
some, which needs to be maximized, to be equa to
SizeOf'(s)+gize0f(G,S) :

Mutation: Mutation is similar to the process of generat-
ing the substructures for initializing the population. During
mutation of a chromosome, the substructure S' that it points
tois extracted. Each of the instances of S is extended in all
possible ways. The first instance of each unique expansion
becomes a definition for anew child substructure S/, and all
of the child instances that were expanded in the same way
(i.e., by adding the same new edge or new edge with new
vertex to the same old vertex) become instances of that child
substructure. In addition, child instances that were gener-
ated by different expansions, and that match S” within the
matchcost threshold also become instances of S’. The sub-
structure definition .S’ and its instances are inserted in the
ChildList. After al the instances of S have been extended,
and the ChildList is complete, asubstructure S” israndomly
selected from the ChildList. The chromosome is then made
to point to S”’. The mutated chromosomes are appended to
the parent population, ChromList.

Selection and Elitism:  Fitness proportional selection
that mimics the Darwinian principle of survival of the fittest
is adopted for selecting Pop-Sze chromosomes that are put
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ALGORITHM EP-SUBSTRUCTURE-DISCOVERY (G,
Pop-Size, Limit)

ParentList = {}

ChildList = {}

ChromList = NewChromList = {}

BestChromosome = Chromosome = {}

Generations=0

Create a substructure from each unique vertex label
and its single-vertex instances

Insert the resulting substructures in ParentList
while ParentList is not empty do
Parent = RemoveHead( ParentList)
Extend each instance of Parent in all possible ways
Group extended instances into Child substructures
foreach Child do
Insert Child in ChildList
for i = 1to Pop-Size do
Randomly select one substructure from ChildList
Chromosome = pointer to this substructure
Evaluate the substructure
Assign the value to the fitness of Chromosome
ChromList = ChromList + Chromosome
while Generations < Limit do
foreach chromosome in ChromList do
Mutate chromosome and append to ChromL.ist
Evaluate the mutated substructure
Assign value to the fitness of chromosome

Store the chromosome with maximum fitness
in BestChromosome

Introduce BestChromosome in NewChromList

Select (Pop-Size - 1) chromosomes from ChromList
and append to NewChromL.ist

Assign NewChromList to ChromList
Generations = Generations + 1
return BestChromosome

Figure 2: EP-based discovery agorithm.
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into NewChromList. Here each chromosome receives a
number of copies, which is proportional to its relative fit-
nessin the population, for transmittal to the next generation.
Notethat since selection is performed stochastically, the best
chromosome has a small probability of disappearing from
the population. In order to retain the best chromosome seen
up to the current generation (BestChromosome), it is deter-
ministically selected and introduced in NewChromList.

Experimental Results

For the purpose of demonstrating the effectiveness of the
EP-based technique, we have used ten graphs created from
web sites (Gonzalez 2001) which are extracted from the
world wide web (WWW) which provides an immense
source of information. Relationships between different web
sites are established through hyperlinks. These relation-
ships may include ahierarchical relation between atop-level
page and a child page containing more detailed informa-
tion, relationships between the current, previous and next
sites in a sequence of pages, or an implicit endorsement of
a page which represents an authority on a particular topic.
The WWW can be represented as a labeled graph, and then
searched using the EP-based data mining system. For this
purpose, we transform web data to a labeled graph using a
web robot. In this graph, each URL is represented as a ver-
tex labeled “ _page_”, and edges labeled “ _hyperlink_" point
from child URLSs to parent URLSs (the parentURL contains
alink to the child site). The graph includes files with ex-
tensions .html (.htm), .txt, .exe, .gif, .pdf, .ps, .tar, .0z, .jpg,
or .mpg. In the case of text files, the content of the file is
filtered to remove punctuation, conjunctions, and other non-
disambiguating symbols. The remaining words are added to
the graph with an edgelabeled “ _word_" connecting the page
in which the word is found to the word vertex. Using such
graphs as inputs, we propose to compare the performance
of SuBDUE with the EP-based discovery system in terms of
the compression achieved by the substructures discovered
by the two techniques.

Table 1 presents the number of vertices and edges present
in the ten graphs. The aim isto compare the performance of
SuBDUE with that of the EP-based technique in terms of the
compression achieved on these graphs. Note that SuBDUE
uses a computational ly-constrained beam search for discov-
ering patterns in the data. Both the methods use the size
of the graphs as the criterion for evaluating the discovered
patterns.

The population size is set to 50 for the proposed EP-
based method. Note that there is no guideline available in
the literature for selecting proper parameter values for algo-
rithms in the evolutionary computation paradigm. Here we
have selected the population size to be 50 so that it is nei-
ther too low (thereby performing very limited exploration of
the search space), nor too high (thereby requiring too much
computation time). The beam width for SUBDUE is set to
4. The results of SUBDUE and the EP-based technique are
provided in Tables 2 and 3 respectively. The tables show
the number of vertices, edges, instances and the compres-
sion of the best substructure discovered by SuBDUE and
the EP-based method respectively. Compression is defined



Table 1: Description of graphs used in the experiments

Graph | Number of vertices | Number of edges
il 8 30
W2 31 43
W3 19 159
W4 94 106
W5 22 314
W6 85 303
W7 27 492
w8 25 532
W9 86 501

W10 732 16725

Table 2: Substructures Discovered by SuBDUE

Graph Discovered Substructure Compression
No. of | No. of No. of
vertices | edges | instances
w1 2 1 4 0.868421
W2 2 1 5 0.905405
W3 3 2 5 0.915730
W4 3 2 5 0.925000
W5 2 2 8 0.940476
W6 3 2 19 0.817010
W7 4 3 6 0.944123
W8 3 2 7 0.958707
W9 4 3 17 0.838160
W10 2 1 345 0.960646

as Size0f éfz)jos}fg?f (@5 Therefore, the lower the value

of the compression, the better is the discovered substruc-
ture. As can be seen, in eight of the ten cases the EP-based
technique provides better results than SuBDUE, whilein the
other two the results are the same. Since SUBDUE uses a
computationally constrained beam search, it discards some
of theless promising solutions at an early stage; thereby ter-
minating the possibility that these sub solutions can grow to
yield better substructures later on. On the contrary, EP, be-
ing arandomized search technique, does not suffer from this
limitation. Hence EP is often found to outperform SuBDUE
asis evident from the tables.

Conclusions

In view of the increasing structural component of today’s
databases, thereis a requirement for developing data mining
systems that can handle structural information. In this direc-
tion we have described an EP-based system that can discover
knowledge in structural databases. EP has been used as the
underlying search and optimization tool since it has the ca-
pability of coming out of local optima. Moreover, currently
we are mainly concerned with the task of perturbing (mu-
tating) a solution, rather than combining the information in
different solutions (crossover).

Results of the EP-based method are provided for several
web data sets. Encouragingly, we find that the proposed

Table 3: Substructures Discovered by EP-based Technique

Graph Discovered Substructure Compression
No. of | No. of No. of
vertices | edges | instances
w1 4 5 2 0.815789
W2 6 5 3 0.743243
w3 3 3 5 0.893258
W4 8 7 3 0.865000
W5 3 5 5 0.919643
W6 3 2 19 0.817010
W7 3 9 6 0.895954
w8 4 16 5 0.865350
w9 4 6 16 0.771721
W10 2 1 345 0.960646

technique is often able to find better substructures that can
effectively compress the data as compared to another system
SUBDUE. It may be mentioned in this context that SUBDUE
is computationally constrained by the beam width. If we
increase the beam width, then it will also be able to come
up with better substructures. However for large problems,
significant increases in SUBDUE's beam width will consid-
erably increase the running time. It isin such situations that
EP is expected to be more effective as the underlying search
technique. We aim to investigate the trade-off between the
beam width in SuBDUE and the processing time of the EP-
based method as the next step of this research. Toward this
end, we will have to first optimize the current working ver-
sion of EP code for efficiency.

As a part of further research, we aim to apply the
developed scheme hierarchically. This means that once a
substructure is discovered, the substructure will be used to
simplify the data by replacing instances of the substruc-
ture with a pointer to the newly discovered substructure.
Iteration of the substructure discovery and replacement
process can construct a hierarchical description of the
structural data in terms of the discovered substructures.
The implementation for the hierarchical discovery scheme
is complete, and the experimental results are awaited. In
addition, since the method of substructure discovery is
generaly applicable to many structural databases such as
computer aided design (CAD) circuit data, molecular data,
computer programs, chemical data, etc., we propose to
apply it in these areas. It is our hope that these discovered
patterns will be of use to the respective communities.
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