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Abstract

With the incressing amournt and complexity of data
being colleded, there is an urgent need to creae aitomated
techniques for mining the data. In particular, data being
generated and stored by telecom companies overwhelms
scientists ability to manually discover patterns in the data
Becaise much o this data is gructural in nature, or
compased o parts and relations between the parts, linea
attribute-value based algorithms will not capture dl of the
intricades of the data. Hence, there exists a need to develop
scdable todls to analyze and dscover conceptsin structural
databases.

Introduction

New techndogy and rew laws are danging the
telecommunicéions indwstry at a blinding rate. New
methods of mining the data ae needed to understand and
control these dhanges. Becaise the anourt of colleded
data far exceals the &ility to manually seach for and
interpret patterns in the data, there is a need to improve the
discovery of knowledge in these large databases.

Equipment and service wsts for wireless telephores
have plummeted in the past decale, attrading milli ons of
new customers. Many people who aiginaly purchased
these devices just for emergencies are now using them as
their primary phores, which can trandate to usage in
excess of 400 cdls per month for a good customer.
Wireless ervice cariers keg extensive logs of cdls made,
and this data may contain items sich as cdl saturation,
signal strength, handdfs between cdls, cdl times, cdl
source, and cdl destination. Mining this data culd help
wireless grvice cariers lean cdl trends, find areas where
new cdl sites are nealed, identify strategic cdls with high
paying customers, and more.

Numerous approaches have been developed for
discovering knawvledge in databases using a linea,
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attribute-value representation. Althoughmuch o the data
colleded today has an explicit or implicit structural
comporent (e.g., spatia or tempora), few discovery
systems are designed to handle this type of data [4]. One
reported method for deding spedficdly with structura
datais with the SUBDUE system [3]. SUBDUE provides a
method for discovering substructures in structural
databases using the minimum description length (MDL)
principleintroduced by Rissanen.

In this paper, we provide an overview of the knowledge
discovery cgpabiliti es of the SUBDUE data mining system
and cemongtrate the aility of this g/stem to discover
gtructural  patterns  in telecoommunicaions  data
Furthermore, we present some enhancements that were
made to Subdie that allow it to better represent numeric
discoveries.

The Subdue System

The SUBDUE system is a structural discovery todl that
finds abstructures in a graph-based representation o
structural databases using the minimum description length
(MDL) principle introduced by Rissanen [5]. SUBDUE
discovers aubstructures that compressthe original data and
represent structural concepts in the data. Once a
substructure is discovered, the substructure is used to
simplify the data by repladng instances of the substructure
with a painter to the newly discovered substructure. The
discovered substructures allow abstradion ower detailed
structures in the origina data. Iteration o the substructure
discovery and replacanent process constructs a
hierarchicd description o the structural data in terms of
the discovered substructures. This hierarchy provides
varying levels of interpretation that can be accesed based
onthe spedfic goals of the data analysis.

SUBDUE represents gructural data a a labeled graph.
Objeds in the data map to vertices or small subgraphsin
the graph, and relationships between oljeds map to



directed or undirected edges in the graph. A substructure is
a connected subgraph within the graphical representation.
This graphical representation serves as input to the
substructure discovery system. Figure 1 shows a geometric
example of such an input graph. The objects in the figure
become labeled vertices in the graph, and the relationships
become labeled edges in the graph. The graphica
representation of the substructure discovered by SUBDUE
from this data is also shown in Figure 1. One of the four
instances of the substructure is highlighted in the input
graph. An instance of a substructure in an input graph is a
set of vertices and edges from the input graph that match,
graph theoretically, to the graphical representation of the
substructure.

Substructure

Figurel. Example substructurein graph form.

The substructure discovery algorithm used by SUBDUE
is a computationally-constrained beam seach. That is,
SUBDUE keeps a limited-size list of the aurrent best
discoveries as it searches for better ones. The dgorithm
begins with the substructure matching a single vertex in
the graph. Eacd iteration the dgorithm seleds the best
substructure and incrementally expands the instances of
the substructure. The dgorithm seaches for the best
substructure until al possble substructures have been
considered or the total amournt of computation exceels a
given limit. Evaluation o ead substructure is determined
by hov well the substructure cmpresss the description
length of the database.

Becaise instances of a substructure can appea in
different forms throughou the database, an inexad graph
match is used to identify substructure instances. In this
inexad match approadh, ead dstortion o a graph is
assgned a st. A distortion is described in terms of basic
transformations auich as deletion, insertion, and
substitution d vertices and edges. The distortion costs can
be determined by the user to hias the match for or against
particular types of distortions. SUBDUE's run time is
constrained to be polynomial by user-defined limits on the
beam width, the total number of substructure definitions to

consider, and computational constraints on the inexad
graph match.

SUBDUE has been succesdully applied with and
withou domain knowledge to databases in damains
including image analysis, CAD circuit anaysis, Chinese
charader databases, program source mde, chemicd
readion chains, Brookhaven protein databases, and
artificially-generated databases[2,3].

A variety of approachesto ursupervised discovery using
structural data have been proposed (e.g., [1,6]). Many of
these gproaches use a knowledge base of concepts to
classfy the structural data. These systems perform concept
leaning ower examples and caegorizaion o observed
data. While the @ove methods represent examples as
distinct objeds and process individual objeds one & a
time, our method stores the atire database (with
embedded oljeds) as one graph and processes the graph as
awhade.

Scientific discovery systems that use domain knowledge
have dso been developed. However, these systems are
targeted for a singe gplicaion damain. One example is
MECHEM [7], which relies on damain knowledge to
constrain the discovery of credible explanatory hypaheses
spedfic to the domain of chemistry. In contrast, SUBDUE
is devised for general-purpose automated discovery with
or withou domain knovledge. Hence, the method can be
applied to many structural domains.

Enhancing the Numeric Capabilities of
SUBDUE

SUBDUE was designed initially to discover patterns in
symbadlic data. However, much of the data wlleded for
applicaions sich as telecmmunications is numeric. Thus,
the caabilities of SUBDUE have been extended to
processnumeric data.

Inexact Numeric Label Match

In particular, since vertex and edge labels may adually
represent numeric values, the graph match agorithm is
modified to alow some variation in these values for
correspondng vertices and edges.

In the revised version d the system, the inpu graph
spedfies, with eadr numeric label n, a match type for that
label. The three d owed ogions are:



« Exad Match: Label n matches ancther label vy if
X =Y.

e Tolerance Match: Label matches y if the ésolute
value of their differenceislessthan t.

« Difference Match: MatchCost(x,y) is defined as the
probability that y is drawn from a probability
distribution with mean of x and standard deviation
defined in the inpu file.

When SUBDUE is run oninpu graphs with numeric
labels, these parameters are used to dedde when two
numeric labels can be cnsidered a match. Hence, it is
important to wisely choase the types of numeric match for
the different labels, and the amount of inexadness
allowed.

Enhanced Post-processing of Numeric Patterns

Due to the inexad numeric match presented in the
previous ®dion, a range of values may match a vertex
label or edge label. Since SUBDUE creaes a substructure
definition for ead discovered pattern, these substructure
definitions need to provide the range of values covered by
instances of the substructure in the graph.

Originaly, when printing the discovered substructures
at the end d the run, SUBDUE would print the values of
only ore instance of ead dscovered substructures.
Althoughthis methodwasided when all | abels in matched
substructures were identicd, the inexad numeric match
presents the nee to colled and grint out information abou
the matched numeric labels at output time.

We dedded to colled the data concerning numeric
labels and their matched courterparts in a post-processng
step when printing ou the substructures. Since SUBDUE
maintains pointers from ead discovered substructure to
eat o its matched instances, the post processng step
involved iterating throughthese instances and dedphering
the mappings between the labels in the instances and the
labels in the discovered substructure.  Once these
mappings were determined, statistics were lleded to
describe the range of values discovered between the
instances of ead numeric label in the discovered
substructure. The statistics, which are printed out with the
definitions of the discovered substructures, include
numeric ranges, means, bucketizaions, and standard
probability distributions of the numeric labels in those
substructures.

Experiments

We generated synthetic cdl records to evaluate the
ability of the SUBDUE system to dscover trends in
telecommunications data. The strategy applied here was to
embed intentional patternsin the synthetic cdl records and
seeif the SUBDUE system could discover these patterns.
These eperiments will later be replicaed using data
provided bylocd telecom companies.

Testing M ethodology

To fadlit ate graph generation from adual cdl recordsin
the future, we implemented a graph generator for cdl
recrds. When dgven cdl reoords in comma-separated-
values (CSV) format, the program generates SUBDUE-
readable graphs representing these cdl records. To creae
synthetic data with embedded patterns, we generated data
correspondng to 60 wireless transadions. The graph
representation is a star configuration centered around a
hub noe labeled ““cdl". Additiona nodes are aeaed for
ead transadion with data for cdl fedures such as cdler
city, cdlee dty, cdl initializaion time, cdl duration, and
distancetype (long dstance or locd). Each feaure noce is
conreded byadireded edge to the hub noe, andthe edge
is labeled with the feaure name.

We chose two patterns for embedding into the synthetic
data, both of which mimic patterns in telecommunications
data. The patterns are:

1. Long dstance cdls are generally short wheress
locd cdlsare usualy long and

2. Locd cdls occur more often duing businesshours
whereas long dstance cdl s are usually placel in the
late evening.

Results

Upon running the SUBDUE system on ou synthetic
data in gaph form, we aayzed the six substructures
output by the system. Figure 2 shows two of these six
substructures - the ones we found most interesting. The
substructures in this figure show that the following
patterns are common:

1. Locd cdls originating between 1100am and
2:30pm with 30to 45minute durations, and

2. Long dstance cdls originating between 6.00pm
and 1Q00pm with 5to 20minute durations.



These substructures acarrately describe the intentional
patterns we @ambedded into ou synthetic data
Furthermore, these results demonstrate SUBDUE's
cgpability to report ranges of discovered numeric labels.

1800-2200
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dist_type
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Figure 2. Telecom patternsdiscovered by Subdue.

Conclusions

The increasing structural comporent of databases such
as those @ntaining telecom data requires data mining
algorithms capable of handling structural information. The
SUBDUE system is gedficdly designed to discover
concepts in structural databases. In this paper, we have
described hov SUBDUE can be used to dscover
interesting petterns in a sample database of wirelesscdls.
We ae oontinuingwork in thisdiredionto find patterns of
interest in data provided by several telecom companies.
Future work will also make use of additional concept
leaning and clustering cgpabiliti es within SUBDUE to
perform a variety of data mining operations on data for
this dynamic and data-intensive goplication.
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