The Data-Mining Industry
Coming of Age

Gregory Piatetsky-Shapiro, Knowledge Stream Partners

7-he information revolution i

S generating mountains of da

from sources as diverse as credit card transactions, teleph
calls, Web clickstreams, space science, and human genon
research. At the same time, faster and cheaper storage te
ogy lets us store greater amounts of data online, and bette

database-management-system software
provides easy access to those databases
Walmart, for example, built an 11-Thyte

database of customer transactions in 199

Traditional, interactive, ad hoc data-
analysis methods cannot sufficiently hand
such massive amounts of data. Research
in data mining and knowledge discovery g
creating new, more automated methods f
discovering knowledge to meet the needs
the 21st century. This need for analysis w
keep growing, driven by the business tren
of one-to-one marketing, customer-relatio|
ship management, and Web personaliza-
tion—all of which require customer-infor-
mation analysis and customer-preference
prediction.

Shorter-term technology trends include
migration of some mining functions from
the server to the desktop and emerging tg
interoperability through standards such as
e the cross-industry standard process fo
data mining (www.crisp-dm.org) mode
for the data-mining process;
the predictive modeling markup
language specification, for the output @
mining models (www.dmg.org); and
the Microsoft OLE DB interface, for
retrieving database informatidn.

If adopted, these standards will allow inter
operability among different mining tools

and integrate data mining with other appli-
. cations, including database systems, spre
sheets, and decision support. Already, vern
8dors such as Megaputer and Angoss have
rolled out component-object model and di
lgributed component-object model interface
etthat let their tools function as add-ons to

irédvlicrosoft Excel or Access.
or

The Web is expanding the focus of data
afining beyond the traditional analysis of

lIstructured data. There are now huge amou

def information in free text, images, sounds,

nand video that are hard to analyze. Curren
systems, such as Altavista Photo and Med
Finder (image.altavista.com) and MP3

s search engines (mp3.lycos.com), can find

image or a sound based on the surroundin
text, but they fail at more complex requests

such as finding similar images or sounds.
oHowever, help is on the way with XML,

5 which describes the Web document metad

in a computer-friendly way and will greatly
r facilitate analysis of previously unstructure,
, data.

From tools to solutions

f  The first generation of what we now call

data-mining systems appeared in the 1980
and consisted of research-driven tools focusshows that the market for commercial

ing on single tasks. These tasks included
building a classifier using a decision-tree

- tool (for example, C4.5) or a neural netwo
(for example, SNNS, www.informatik.

taﬂni-stuttgart.de/ipvr/bv/projekte/snns/snns.

html), finding clusters in data (for example,

1QIBclas$), or data visualization (for exam-
nele, Alfred Inselberg’s parallel-coordinate
pproach). Such tools addressed a generic

Sﬁz!fi@!malysis problem, and their intended

aruser had to be technically sophisticated.

Also, using more than one tool on the same

data set was difficult and required significant

adlata and metadata transformation.
Data-mining vendors developed the sec-
ond-generation data-mining systems, called
s-suites, around 1995. These tools were drive
sby the realization that the knowledge-dis-
covery process requires multiple types of
data analysis and most of the effort is spent
in data cleaning and preprocessiigne
suites, such as SPSS’s Clementine, Silicon

InGraphics’ Mineset, IBM’s Intelligent Miner,

and The SAS Institute’s Enterprise Miner,

t let the user perform several discovery tasks

a(usually classification, clustering, and visu-
alization) and supported data transformatio

amnd visualization. Clementine (www.spss.

gcom/clementine) pioneered the GUI, an im-
portant advance that let users visually build
their knowledge-discovery process. By
1998, according to Herb Edelstéithe

aata-mining tool market was at $45 million,
a 100% improvement from 1997.

d We can get another look at the tool
trends by examining the tools listed at
kdnuggets.com—a popular directory of
data-mining and knowledge-discovery
information that | maintain (see Table 1).

sThe stabilization in the number of suites

N

tools is maturing. Still, the number of

commercial tool vendors will probably
kdecline as the industry consolidates. Howt

ever, research is still active in association
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and sequence agthms,Bayesian net
works,and d&a visualizéion. FHnally, the
newer aeas of tgt andWeb mining ae
growing rapidly.

While second-gnestion systems em
power dda anaysts,they require signifcant
knowledge of stéistical theoy to be used
propety and cannot be used eltly by the
business user Business usgmeeds led to
the thiid genegtion of \ettical daa-mining-
based pplicaions and solutions in thetéa
1990s.These solutions &re oiiented tovard
solving a spedi€ business mblem,suc as
detecting cedit cad fraud or pedicting cell
phone custometttition. They addressed
the entie knavledge discoery in daabases
processincluding access to ¢mgy systems,
and pushed thesults into a fint-end apli-
cdion. The interfices vere oiiented to the
business user and hid all theaaining
compleity. HNC Softvare’s Falcon br
credit cad fraud detectionBM’ sAdvanced
Scout br basletball gme anajsis,and
NASD Reulation’sAdvanced-Detection
Systen exemplify sud systems.

Applications and trends

Good da@a-mining plication aras
require knavledge-based decisions; &
accessile, sufficient,and elevant daa;
have a hlangng ervironment; hae sub
optimal curent methods; will not be eb
soleted ly imminent n&v technology;
and povide a high pgoff for the corect
decisions.

Data-mining-basedettical goplicaions
were developed br numeious aeas thafit
these equiements—intuding banking and
credit, bioinformatics, customer elaionship
managiementname and attess meging,
health cae and humaresouces,Intemet
advettising, e-commece, insurance invest
ment,marufactuing, maketing, retail,
spots and entéainmentand telecommni-
cations.These pplicaions sole the most
popular lisiness mhlems,including cus
tomer etentioncross-sell and up-seind
fraud detection. (See kdggets.com ér a
caalog of solutions.)

Web mining pesents a hwole nev set of
oppotunities and ballenges,suc as ana
lyzing the tickstream dé#a to select ineal
time the ight pop-up adertisement or e-
commece ofer. Because ¥/eb site usu
ally has nuch less histor on a visitor than
a bank has on its customezseachers ae
developing nev ways to male predictions.
One pomising tetinolagy is colleborative
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Figure 1. KDNuggets News subscribers by domain and region.

filtering, originally developed &aMIT and
implemented in systems duas krefly
Network (acquied by Microsoft in 1998)
and NetRrceptions (wwwnetpeceptions.
com).These systems use @niaion on
wha items pevious uses puchased or
selected to @dict and sugest wha the
current user might lie. However, all suc
systems rast potect user pvagy. For
example Purchase Cicles,launded ly
Amazon.com inAugust 1999met with
stiff resistance fim uses who did not vant
Amazon.com to boadcast inbrmation on
what items people wre odeling.

We can see other intssting tends ly

Table 1. The growth of commercial and pub

analzing theKDNuggetsnewsletter sub
sciiber list (kdruggets.com/ness). The
subsciber base ggw from 50 people in
1993 to @er 8,000 as of Neember 1999.
The subsdber list is still gowing & 7% a
quater—much moe slavly than the 40% a
quater in 1994 and the 20% a qtearin
1997. Reseahers made up the majty of
the subsadbers in the frst few yeass, but
now most ae from commecial domains.
The egion anaysis shavs widespead
acceptance of dea-mining tetinolagies in
the US andVesten Euope followed by
the Racific Rim, Easten Euiope and Ldin
Ameiica (see Fgure 1).

lic-domain tools in different categories,

according to kdnuggets.com.

TooL TYPE Fes. 1997 Fes. 1998 Nov. 1998 Auc. 1999
Suites 18 30 37 37
Classification:

Multiapproach 4 8 8 10

Decision tree 14 18 18 19

Rule discovery 10 11 12 14

Neural network 50 60 76 100

Bayesian 0 0 10 20

Other 6 7 12 13

Total 84 104 126 176
Associations and

sequences 0 0 6 13
Clustering 6 5 10 12
Visualization 5 12 26 31
Text and Web mining 0 5 7 15
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EDITORIAL CALENDAR

JAN/FEB — Top 10 Algorithms of the Millennium
lack Dongarra, dongarra@cs.utk.edu, University of Tennessee, and
Francis Sullivan, fran@super.org, IDA Center for Computing Sciences
The 10 algorithms that have had the largest influence on the development and
practice of science and engineering in the 20th century (also the challenges facing us
in the 21st century).

MAR/APR — ASCI Centers
Robert Voight, rvoight@compsci.wm.edu, and Merrell Patrick, mpatr@concentric.net
Status report on the five university Centers of Excellence funded in 1997 along with
their accomplishments.

MAY/JUN — Earth Systems Science
John Rundle, rundle@hopfield.colorado.edu, Colorado Center for Chaos and Complexity
The articles featured in this special issue will document the progress being made in
modeling and simulating the earth as a planet.

JUL/AUG — Computing in Medicine
Martin S. Weinhous, weinhous@radonc.ccf.org, Cleveland Clinic, and
loseph M. Rosen, joseph.m.rosen@hitchcock.org
In medicine, computational methods have let us predict the outcomes of our
procedures through mathematical simulation methods. Modeling the human body
remains a challenge for computational mathematics.

SEP/OCT — Computational Chemistry
Donald G. Truhlar, truhlar@chem.umn.edu, University of Minnesota, and
B. Vincent McKoy, mckoy@its.caltech.edu, California Institute of Technology
Overviews of the state of the art in diverse areas of computational chemistry with an
emphasis on the computational science aspects.

NOV/DEC — Materials Science
Rajiv Kalia, kalia@bit.csc.lsu.edu, Louisiana State University
This issue will focus on the impact of multiscale materials simulations, parallel
algorithms and architectures, and immersive and interactive virtual environments on
experimental efforts to design novel materials.

) : |

To submit an article, see
http://computer.org/cise/
inSCIENCELEN

for author guidelines

GINEERING

Challenges for the 21st century mistic thd the d@a-mining industy will MIT Press Cambidge, Mass. 1996,pp.
overcome its gowing pains and become as 37-57.
A big challenge for 21st-centyr miners | acceted as the dabase indusyt. Data 6. “Two Crows Releases 199&chnolagy
will be to come up with widglacceted mining will become just another siége Report,” Data Mining Navs Vol. 2,No. 18,
standads on déa-mining pocesses and | provided ty a gpod daabase systen® 10 May 1999.

models. If adoptedhey will stimulate

major industy growth. Another hallenge References 7. JD. Kirkland et al.;The NASD Regulation

Advanced-Detection SysteéhAl Magazine

is to come up witheal-time algrithms _ _ _ Vol. 20,No. 1,Spiing 1999 pp. 55-67.
for Web mining and to better use thielr | 1. S Willett, “Micr 0303’5 Plan to Bing |||33a
adi Mining to Masse$,Computer Reseller 8. J. Markoff, “The Rise of Little Bother”

textual and naltimediaWeb dda. Ma ,

ies sive fo | : atry News 25 May 1999; wwwtedhweb.com/ Upside Apr. 1999; http://wwwupsidecom/
companies stve for seamless ingeation wire/stoy/TWB19990525S0001 (crent texis/mvm/stoy2id=36d4613c0 (cuent
of daa mining into lisiness pcesses. Nov. 1999). Nov. 1999).
Finally, these adances rast be balanced
with privacy protectionf? 2. JR. Quinlan;Induction of DecisiorTrees, Gregory Piatetsky-Shagpir ois the dief scientist

Machine Leaning, Vol. 1,1986,pp. 81-106.| a Knowledge Steam Rutners. He alsouns the

TheY2K problem will contirue to haunt kdnuggets.comeb site and e-ivesletter His

data mines long after v consume the mil | 3. p Cheeseman et 2lAUTOCLASS:A interests intude knavledge discoery and its
lennium dampane Although most bsk Bayesian Classi¢ation Systent, Proc. practical plicaions in lusiness and e-com
ness hee cowverted their opeaational sys ICML-86, Morgan KaufmannSan Fan merce. His receved his MS and PhD in computer
tems to handl¥2K problems,very few Cisco,1988,pp. 54-64. science fom Ner\(York Un_lversny. He t_)und_ed
L the Knavledge Discavery in Data meetings in

went bak to corect their histdcal dda, 4. A Inselbeg, “The Plane with &allel 1989; dhaired KDD-91,KDD-93, and KDD-98;
where two-digit yeass ae still commonA Coordinaes; TheVisual Computervol. 1, | and is curently theACM SIGKDD director He
data miner in 2012 lookingta year maked 1985,pp. 69-91. is also a member of the IE_EE Computer Society
“11” will need to decide if itefers to 1911 . ACM, andAAAI. Contact him aKnowledge

“th t anwer will denend on 5. R.J Brachman a_md'. Ana_md The Pocess | Stream Ialtn(_els,148 Stée Steet,Boston,MA
or 2011_’ t .e coec & of Knowledge Discavery in Daabases, 02109; gshpiro@ksp.com.
the aoplicaion. Advances in Knaledge Discaery and

Despite all thesehallenges,| am optk Data Mining, U. Fayyad et al.eds. AAAI/
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