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tion is growing quickly with the need to differeatie.
Abstract In Measuring Web Succe§?], the authors claim that

We show that the e-commerce domain can provide all'Leaders will use metrics to fuel personalizati@md

the right ingredients for successful data miningl an that"firms need web intelligence, not log analysis
claim that it is a killer domain for data miningWe

describe an integrated architecture, based onqpe-e Data Mining tools aid the discovery of patterns in
rience at Blue Martini Software, for supporting sthi data’ Until recently, companies that have concentrated
integration. The architecture can dramaticallyueed ~ On building horizontal data mining modeling tools,
the pre-processing, cleaning, and data understgndinhave had little commercial success. Many companies
effort often documented to take 80% of the time in Were bought, including the acquisition of Compressi
knowledge discovery projects. We emphasize the nee Sciences by Gentia for $3 million, HyperParallel by
for data collection at the application server lageot Yahoo for about $2.3 million, Clementine by SPSE fo
the web server) in order to support logging of datel $7 million, and Thinking Machines's Darwin by Oracl
metadata that is essential to the discovery procégs  for less than $25 million. Recently, a phase shifs
describe the data transformation bridges requireahf ~ occurred in the valuation of such companies, aneme
the transaction processing systems and customet eve acquisitions have given rise to valuations 10 t@ 10
streams (e.g., clickstreams) to the data warehouge.  times higher. KD1 was acquired by Net Perceptions
detail the mining workbench, which needs to provide for $116M, RightPoint (previously DataMind) was
multiple views of the data through reporting, data acquired by E.piphany for $400M, DataSage was ac-

mining algorithms, visualization, and OLAP. We eon duired by Vignette for $577M, and NeoVista was ac-
clude with a set of challenges. quired by Accrue for $140M. The shift in valuat#o

indicates wider recognition of the value of datanimg
modeling techniques for e-commerce.

1 Introduction

E-commerce is growing fast, and with this growth
companies are willing to spend more on improving th
online experience. lI€ommerce Software Takes Off lentiful. electroni lect id o

r nti roni ion provi r
[1], the authors from Forrester Research wrote thatae p_e_ ul, elec 0_ ¢ coflec o_ bro ) es rela

. . . S data, insight can easily be turned into action, r&tdrn
online business to consumer retail spending in 1999 ¢ A b 4T v takerad
was $20.3 billion and estimated to grow to $144#duil on investment can be measured. 1o reafly takemadva
by 2003. Global 2500 companies will spend 72% more

on e-commerce in 2000 than they did in 1999. Egst wider process, sometimes calledowledge discoveryhich

sites are using primitive measures, SPCh as pmv' includes multiple disciplines, such as preprocegsieport-
but the need for more serious analysis and periganal ing, exploratory analysis, visualization, and maug

E-commerce is the killer-domain for data mining.
It is ideal because many of the ingredients requios
successful data mining are easily satisfied: datands

Yn this paper, we use the tedata miningto denote the



tage of this domain, however, data mining must betemplates, articles, images, and multimedia) ansl-bu
integrated into the e-commerce systems with the apmess rules (e.g., personalized content rules, piomo

propriate data transformation bridges from the daan
tion processing system to the data warehouse aed vi
versa. Such integration can dramatically reduee th
data preparation time, known to take about 80%hef t
time to complete an analysis [3]. An integratetlso
tion can also provide users with a uniform useerint
face and seamless access to metadata.

The paper is organized as follows.

Section 2 de-

rules, and rules for cross-sells and up-sells)onfa
data mining perspective the key to tBasiness Data
Definition component is the ability to define a rich set
of attributes (metadata) for any type of data. &or
ample, products can have attributes like size,rcalod
targeted age group, and can be arranged in a tigrar
representing categories like men’'s and women'’s, and
subcategories like shoes and shirts. As anothemex
ple, web page templates can have attributes indgcat

scribes the integrated architecture that we prgposewhether they show products, search results, oused
explaining the main components and the bridges con-as part of the checkout process. Having a divezsef

necting them.
which must collect much more data than what islavai
able using web server log files. Section 4 deseriihe

analysis component, which must provide a breadth of

data transformation facilities and analysis tooM/e

describe a set of challenging problems in Sectipn 5 ness.

and conclude with a summary in Section 6.

2 Integrated Architecture

In this section we give a high level overview of a

Section 3 details the data collector available attributes is not only essential for diia-

ing, but also for personalizing the customer expere.

The Customer Interactiorcomponent provides the
interface between customers and the e-commerce busi
Although we use the example of a web site
throughout this paper, the term customer interactio
applies more generally to any sort of interactiathw
customers. This interaction could take place thhoa
web site (e.g., a marketing site or a web store$; c
tomer service (via telephony or email), wirelesplap
cation, or even a bricks-and-mortar point of sals-s

proposed architecture for an e-commerce system witHem. For effective analysis of all of these datarses,

intregrated data mining. Details of the most intaot
parts of the architecture and their advantagesappe
following sections. The described system is aralide
architecture based on our experiences at Blue Marti
Software. However, we make no claim that everghin
described here is implemented in Blue Martini Soft-
ware’s products. In our proposed architectureettzee
three main componentBusiness Data Definitign
Customer InteractionandAnalysis Connecting these
components are three data transfer bridgesge Data
Build Data WarehouseandDeploy Results The rela-
tionship between the components and the data &ansf
bridges is illustrated in Figure 1. Next we deserdach
component in the architecture and then the bridigats
connect these components.

In the Business Data Definitiomomponent the e-
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Figurel. Proposed high-level system
architecture.

commerce business user defines the data and metada& data collector needs to be an integrated pathef

associated with their business. This data includes

Customer Interactiorcomponent. To provide maxi-

chandising information (e.g., products, assortments mum utility, the data collector should not only Isale

and price lists), content information (e.g., welgea

transactions, but it should also log other typesus-



tomer interactions, such as web page views for la we makes it a simple matter to compute aggregatesstati
site. Further details of the data collection aextture tics for combinations of customers, sessions, page
for the specific case of a web site are describeBleic-  views, and orders automatically. We examine tle-in
tion 3. To illustrate the utility of this integeat data  grated analysis component in more detail in Seation
collection let us consider the example of an e-
commerce company measuring the effectiveness of its The Stage Databridge connects thBusiness Data
web banner advertisements on other sites geared dbefinition component to theCustomer Interaction
attracting customers to its own site. A similaalgsis component. This bridge transfers &age$ the data
can be applied when measuring the effectiveness oind metadata into th€ustomer Interactioncompo-
advertising or different personalizations on itsnasite. nent. Having a staging process has several adyesita
including the ability to test changes before haimgm
The cost of a web banner advertisement is typicallyimplemented in production, allowing for changeshia
based on the number of “click-throughs.” That igre data formats and replication between the two compo-
is a fee paid for each visitor who clicks on theoer nents for efficiency, and enabling e-commerce busi-
advertisement. Many e-commerce companies measuraesses to have zero down-time.
the effectivenesf their web banner advertisements
using the same metric, the number of click-throughs  The Build Data Warehousdridge links theCus-
and thus fail to take into account thedes generatetdy tomer Interactioncomponent with theAnalysis com-
each referred visitor. If the goal is to sell mpred- ponent. This bridge transfers the data collegtitkin
ucts then the site needs to attract buyers ratiem t the Customer Interactioncomponent to théAnalysis
browsers. A recent Forrester Research reportt§2¢d  component and builds a data warehouse for analysis
that “Using hits and page views to judge site success ipurposes. TheBuild Data Warehousédridge also
like evaluating a musical performance by its voldme transfers all of the business data defined wittia t
In practice, we have seen the ratio of generatkss sa Business Data Definitionomponent (which was trans-
click-throughs vary by as much as a factor of 2@s&  ferred to theCustomer Interactiomomponent using the
a company’s web banner advertisements. One adverStage Databridge). The data collector in ti&ustomer
tisement generated five times as much in salemas a Interaction component is usually implemented within
other advertisement, even though clickthroughs froman On-Line Transaction Processing (OLTP) system,
the former advertisement were one quarter of tiok-cl  typically designed using entity relation modelirgh-
streams from the latter. The ability to measure Huirt nigues. OLTP systems are geared towards efficient
of relationship requires conflation of multiple dat handling of a large number of small updates andtsho
sources. queries. This is critical for running an e-comngerc
business, but is not appropriate for analysis [, 5
The Analysiscomponent provides an integrated en- which usually requires full scans of several vaargé
vironment for decision support utilizing data tréoms tables and a star schema design which business user
mations, reporting, data mining algorithms, viszeli  can understand. For data mining, we need to kaild
tion, and OLAP tools. The richness of the ava#dabl data warehouse using dimensional modeling tech-
metadata gives th&nalysiscomponent significant ad- niques. Both the data warehouse design and tlee dat
vantages over horizontal decision support tool$atih transfer from the OLTP system to the data warehouse
power and ease-of-use. For instance, the systéoa au system are very complex and time-consuming tasks.
matically knows the type of each attribute, inchgli  Making the construction of the data warehouse &at in
whether a discrete attribute’'s values are orderedgral part of the architecture significantly redudbs
whether the range of a continuous attribute is Hedn  complexity of these tasks. In addition to typi€alL
and textual descriptions. For a web site, theesgst (Extract, Transform and Load) functionality, thédige
knows that each customer has web sessions and thaupports import and integration of data from bath e
each web session includes page views and ordédnis. T ternal systems and syndicated data providers (e.g.,



Acxiom). Since the schema in the OLTP system isare a huge number of requests for images and other
controlled by the architecture, we can automatjcall content on the page. Since all of these are recoirl
convert the OLTP schema to a multi-dimensional starthe web server logs, most of the data in the letmes
schema that is optimized for analysis. to requests for image files that are mostly usefess
analysis and are commonly filtered out. All these

The last bridge,Deploy Resultsis the key to  quests need to be purged from the web logs befiene t
“closing the loop” and making analytical results- ac can be used. Because of the stateless nature BPHT
tionable. It provides the ability to transfer mtsje each request in a web log appears independenhef ot
scores, results and new attributes constructedgusinrequests, so it becomes extremely difficult to tdgn
data transformations back into tBeisiness Data Defi- users and user sessions from this data [6, 7, .8, 9]
nition andCustomer Interactiomomponents for use in  Since the web logs only contain the name of theepag
business rules for personalization. For exampls; ¢ that was requested, these page names have to be
tomers can be scored on their propensity to acaept mapped to the content, products, etc., on the page.
cross-sell and the site can be personalized based oThis problem is further compounded by the introduc-
these scores. This is arguably the most diffipalt of tion of dynamic content where the same page can be
the knowledge discovery process to implement in aused to display different content for each user.this
non-integrated system. However, the shared metadatcase, details of the content displayed on a wele pag
across all three components means that resultbean may not even be captured in the web log. The mecha
directly reflected in the data which defines the e- nism used to send request data to the server fitstisa

commerce company’s business. the information in the web logs. If the browsend® a
request using the “POST” method, then the input pa-
3 DataCollection rameters for this request are not recorded in thb w

This section describes the data collection compo-'og-

nent of the proposed architecture. This compolugyst

customers’ transactions (e.g., purchases and sjturn  Packet sniffers try to collect similar data by lowk
and event streams (e.g., clickstreams). Whileddtar ~ at data “on the wire.” While packet sniffers caee”
collection component is a part of every customecko ~ More data than what is present in web logs, thidly st
point (e.g., web site, customer service applicati@md have problems identifying users (e.g., same vistigs
wireless applications), in this section we will déise  9ing in from two different machines) and sessions.
in detail the data collection at the web site. Mifighe  AlsO, given the myriad ways in which web sites are
concepts and techniques mentioned in this sectiord€signed it is extremely difficult to extract logic
could be easily extended to other customer touchbusiness information by looking at data streaming

points. across a wire. To further complicate things, packe
sniffers can’t see the data in areas of the si dne
3.1 Clickstream Logging encoded for secure transmission and thus have diffi

culty working with sites (or areas of a site) thee
SSL (Secure Socket Layer). Such areas of a site ar
the most crucial for analysis including checkoutl an
forms containing personal data. In many finansits
including banks, the entire site is secure thusingak
packet sniffers that monitor the encrypted datadli
and essentially useless, so the sniffers must bengi
access to data prior to encryption, which compdisat
their integration.

Most e-commerce architectures rely on web server
logs or packet sniffers as a source for clickstrekzita.
While both these systems have the advantage ofjbein
non-intrusive, allowing them to “bolt on” to any e-
commerce application, they fall short in logginghni
level events and lack the capability to exploit awletta
available in the application. A typical web logntains
data such as the page requested, time of requiest, ¢
HTTP address, etc., for each web server request. F
each page that is requested from the web sernene th



Collecting data at the application server layer canmarketers the ability to look directly at produd¢ws,
effectively solve all these problems. Since thpliap- content views, and product sales, a capabilitynfare
tion server serves the content (e.g., images, ptedu powerful than just page views and click-throughs.
and articles), it has detailed knowledge of theteoh  Some interesting business events that help with the
being served. This is true even when the content i analysis given above and are supported by the-archi
dynamically generated or encoded for transmissiontecture are
using SSL. Application servers use cookies (or URL « Add/Remove item to/from shopping cart

encoding in the absence of cookies) to keep trdck o e Initiate checkout

user’'s session, so “sessionizing” the clickstream i *  Finish checkout

trivial. Since the application server also keepsk of » Search event

the user, using login mechanisms or cookies, aasoci * Register event

ing the clickstream with a particular visitor ismgile. The search keywords and the number of results for

The application server can also be designed to keegach of these searches that can be logged with the
track of information absent in web server logsukel  search events give marketers significant insigtat ihe

ing pages that were aborted (user pressed the”“stopinterests of their visitors and the effectivene$ghe
button while the page was being downloaded), localsearch mechanism.

time of the user, speed of the user’s connectiahifin

the user had turned their cookies off. This metbbd 3-3 Measuring Per sonalization Success
collecting clickstream data has significant advgesa
over both web logs and packet sniffers.

The architecture also supports a rules engine that
runs on the web site for personalization. Rules lma
deployed for offering promotions to visitors, dizpihg
specific products or content to a specific visitetg.

The clickstream data collected from the application After the rules are deployed, business events @n b
server is rich and interesting; however, significam used to track the effect of deploying these rules.
sight can be gained by looking at subsets of rdqueess  business event can be collected each time thdedsru
one logical event or episode [6, 10]. We call ¢hes used in personalization and these events, coupidgd w
aggregations of requestsusiness events Business the shopping-cart/checkout events, can give anlexce
events can also be used to describe significant uselent estimate of the effectiveness of each ruléhe T
actions like sending an email or searching [2]nc8i  architecture can also use control groups so thabpe
the application server has to maintain the contéxd alization rules are only activated for a fractiontioe
user’s session and related data, the applicativeises target visitors. This enables analysts to direlctbk at
the logical choice for logging these business esent sales or results for visitors when the rules wend a
Business events can be used to track things like th were not activated.
contents of abandoned shopping carts, which are ex-

3.2 BusinessEvent Logging

tremely difficult to track using only clickstreanmat. Similar data collection technigques can be used for
Business events also enable marketers to look ldeyonall the customer touch points like customer service
page hit rates tmicro-conversion ratefl1]. A micro- representatives, wireless applications, etc. Cuilg

conversion rate is defined for each step of the pur the right data is critical to effective analysis af e-
chasing process as the fraction of products tleasac- commerce operation.

cessfully carried through to the next step of the- p

chasing process. Two examples of these are tlee fra 4 Analysis

tion of product views that resulted in the prodieing This section describes the analysis component of
added to the shopping cart and the fraction of wet oy architecture. We start with a discussion ofada
in the shopping cart that successfully passed #itou {ransformations, followed by analysis techniques in

each phase of the checkout process. Thus the integyding reporting, data mining algorithms, visuatiz
grated approach proposed in this architecture gives



tion, and OLAP. The data warehouse is the souatz d
of analyses in our architecture. Although dimenalo
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Figure2. An example hierarchy of products.

modeling is usually a prerequisite for analysis;, exr

given node of the hierarchy. Let us use the prbduc
hierarchy shown in Figure 2 as an example. Foheac
order line or page request containing a product SKU
(Stock Keeping Unit), this transformation creates a
Boolean column corresponding to each selected node
in the hierarchy. It indicates whether this prod8&iU
belongs to the product category represented by the
node. Figure 3 shows the enriched row from this op
eration.

Since customers are the main concern of any e-
commerce business, most data mining analyses are at
the customer level. That is, each record of a detat
the final stage of an analysis is a customer sigpat
containing all the information about the customer.
However, the majority of the data in the data ware-
house is at other levels such as the order headel, |

perience shows that many analyses require additionathe order line level, and the page request lewghch

data transformations that convert the data intonfor
more amenable to data mining.

customer may have multiple rows at these levels. T
make this detailed information useful for analysés
the customer level, aggregation transformations are

As we mentioned earlier, the business user can denecessary. Here are some examples of attributes we

fine product, promotion, and assortment hierarcies
the Business Data Definitiorcomponent. Figure 2
gives a simple example of a product hierarchy. sThi
hierarchical information is very valuable for arsfy
but few existing data mining algorithms can utilite
directly. Therefore, we need data transformatitms
convert this information to a format that can beduby
data mining algorithms. One possible solutionds t
add a column indicating whether the item falls urae

NG S
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Figure 3. Data record created by the add produg
hierarchy transformation.

have found useful:

 What percentage of each customer’'s orders
used a VISA credit card?

* How much money does each customer spend
on books?

* How much is each customer’s average order
amount above the mean value of the average
order amount for female customers?

* What is the total amount of each customer’s
five most recent purchases over $30?

* What is the frequency of each customer’s pur-
chases?

 What is the recency of each customer’'s pur-
chases (the number of days since the last pur-
chase)?

These attributes are very hard to construct usiag-s
dard SQL statements, and need powerful aggregation
transformations. We have found RFM (Recency, Fre-
guency, and Monetary) attributes particularly ukédfu

the e-commerce domain.

E-commerce data contains many date and time
columns. We have found that these date and tirke co
umns convey useful information that can reveal im-



portant patterns. However, the common date and tim ¢ What characterizes customers that accept

format containing the year, month, day, hour, menut cross-sells and up-sells?

and second is not often supported by data minigg-al * What characterizes customers that buy
rithms. Most patterns involving date and time aztnn quickly?

be directly discovered from this format. To make t

discovery of patterns involving dates and timedezas * What characterizes visitors that do not buy?

we need transformations which can compute the time
difference between dates (e.g., order date and ship
date), and create new attributes representing fay-o Based on our experience, in addition to automatic
week, day-of-month, week, month, quarter, year, etc data mining algorithms, it is necessary to provider-
from date and time attributes. active model modification tools to support business
insight. Models either automatically generatectia-
Based on the considerations mentioned above, theated by interactive modifications can then be exaachi
architecture is designed to support a rich setraist or evaluated on test data. The purpose is toulginbss
formations. We have found that transformations in- users understand their models before deploying them
cluding: create new attributes, add hierarchylaitgs, For example, we have found that for rule models,
aggregate, filter, sample, delete columns, andesace measures such as confidence, lift, and supporbhet t
useful for making analyses easier. individual rule level and the individual conjun&vel
are very useful in addition to the overall accuraty
With transformations described, let us discuss thethe model. In our experience, the following fuooti

analysis tools. Basic reporting is a bare necefsite- ality is useful for interactively modifying a rutaodel:
commerce. Through generated reports, business user ¢ Being able to view the segment (e.g., customer
can understand how a web site is working at differe segments) defined by a subset of rules or a sub-
levels and from different points of view. Example set of conjuncts of a rule.
guestions that can be answered using reporting are: e Being able to manually modify a rule model by

* What are the top selling products? deleting, adding, or changing a rule or individ-

* What are the worst selling products? ual conjunct.

* What are the top viewed pages? For example, a rule model predicting heavy spenders

*  What are the top failed searches? contains the rule:

* What are the conversion rates by brand? = I ncome > $80, 000 AND

*  What is the distribution of web browsers? Age <= 31 AND

* What are the top referrers by visit count? Average Session Duration is between

* What are the top referrers by sales amount? 10 and 20.1 ninutes AND

* What are the top abandoned products? Account creation date is before

Our experience shows that some reporting questions 2000- 04- 01
such as the last two mentioned above are very foard ey Heavy spender
answer without an integrated architecture thatn#0o |t js very likely that you wonder why the split @ye

both event streams and sales data. occurs at 31 instead of 30 and the split on avesage
sion duration occurs at 20.1 minutes instead on®
Model generation using data mining algorithms is a teg Why does account creation date appear in the

key component of the architecture. It revealsepat  ryje at all? A business user may want to change th
about customers, their purchases, page views,Byc. e to:

generating models, we can answer questions like:
* What characterizes heavy spenders?
* What characterizes customers that prefer pro-
motion X over Y?



IF Income > $80,000 AND 5 Challenges

Age <= 30 AND In this section we describe several challenging
Average Session Duration is between problems based on our experiences in mining e-

10 and 20 minutes commerce data. The complexity and granularity of

THEN  Heavy spender these problems differ, but each represents a ifeal-l

However, before doing so, it is important to se&vho area where we believe improvements can be made.
this changes the measures (e.g. confidence, fif, a Except for the first two challenges, the probleresid
support) of this rule and the whole rule model. with data mining algorithmic challenges.

Given that humans are very good at identifying Make Data Mining Models Comprehensible to
patterns from visualized data, visualization andMBL  Business Users
tools can greatly help business users to gain ih&igo
business problems by complementing reporting tools  Business users, from merchandisers who make de-
and data mining algorithms. Our experience suggest cisions about the assortments of products to eati
that visualization tools are very helpful in undersl- designers who design web sites to marketers who de-
ing generated models, web site operations, and datgide where to spend advertising dollars, need tern
itself. Figure 4 shows an example of a visualaati  stand the results of data mining. Summary repangs
tool, which clearly reveals that females aged betwe easjest to understand and usually easy to progje-
30 and 39 years are heavy spenders (large squaregially for specific vertical domains. Simple visiza-
closely followed by males aged between 40 and 49tjons, such as bar charts and two-dimensional eseatt
years. plots, are also easy to understand and can provate
information and highlight patterns, especially sed in
conjunction with color. Few data mining models,
however, are easy to understand. Classificatidesru
. are the easiest, followed by classification treeA.

visualization for the Naive-Bayes classifier [12asv
also easy for business users to understand irettund
authots past experience.

The challenge is to define more model types (hy-
pothesis spaces) and ways of presenting them to busi-
ness users. What regression models can we come up
with and how can we present them? (Even linear re-
gression is usually hard for business users to under-

Female -

Customer Gender

Male |

0 0 @ o 2 & ]

g 2 & & g © stand.) How can we present nearest-neighbor models,
(=2} [«2 (=] » (o2
= ; 3 3 § for example? How can we present the results of asso-
Customer Age Group ciation rule agorithms without overwhelming users
24 28 32 36 40 B 48 52 56 80 64 . . .

T with tens of thousands of rules (a nice example of this
Gistarer Promes Goun problem can be found in Berry and Linoff [13] starting

on page 426)?
Square size represents the average purchase amount
Make Data Transformation and Mode Building

Figure 4. A visualization tool reveals the purchase Accessibleto Business Users
pattern of female and male customersin
different age groups. The ability to answer a question given by a business

user usually requires some data transformations and



technical understanding of the tools. Our expeseis but generalizations are likely to be found at higlee-
that even commercial report designers and OLAPstool els (e.g., families and categories). Some algmst
are too hard for most business users. Two commorhave been designed to support tree-structuredhatts
solutions are (i) provide templates (e.g., repgrtiem- [15], but they do not scale to the large produetrdni-
plates, OLAP cubes, and recommended transformachies. The challenge is to support such hieraschie
tions for mining) for common questions, something within the data mining algorithms.

that works well in well-defined vertical marketsida

(i) provide the expertise through consulting oseav- Scale Better: Handle Large Amounts of Data

ices organization. The challenge is to find wags t

empower business users so that they will be able to Yahoo! had 465 million page views per day in De-

serve themselves. cember of 1999 [16]. The challenge is to find ubef
techniques (other than sampling) that will scalehie
Support Multiple Granularity Levels volume of data. Are there aggregations that shbeld

performed on the fly as data is collected?
Data collected in a typical web site contains rdsor

at different levels of granularity: Support and M odel External Events
» Page views are the lowest level with attributes
such as product viewed and duration. External events, such as marketing campaigns (e.g.,

* Sessions include attributes such as browserpromotions and media ads), and site redesigns ehang
used, initiation time, referring site, and cookie patterns in the data. The challenge is to be &ble
information. Each session includes multiple model such events, which create new patterns that
page views. spike and decay over time.

» Customer attributes include name, address, and
demographic attributes. Each customer may beSupport Slowly Changing Dimensions
involved in multiple sessions.

Mining at the page view level by joining all thess®on Visitors’ demographics change: people get married,
and customer attributes violates the basic assompti their children grow, their salaries change, etc.ithw/
inherent in most data mining algorithms, namelyt tha these changes, their needs, which are being madeled
records are independently and identically disteldut change. Product attributes change: new choices, (e.
If we are trying to build a model to predict whaits colors) may be available, packaging material oigies
page X, and Joe happens to visit it very oftenn tive change, and even quality may improve or degrade.
might get a rule that if the visitors first namg Joe,  These attributes that change over time are often re
they will likely visit page X. The rule will haveulti- ferred to as "slowly changing dimensions" [4]. €Th
ple records (visits) to support it, but it cleavi§ll not challenge is to keep track of these changes anddero
generalize beyond the specific Joe. This problem i support for such changes in the analyses.
shared by mining problems in the telecommunication
domain [14]. The challenge is to design algorithms Identify Botsand Crawlers
that can support multiple granularity levels cotisec
Bots and crawlers can dramatically change click-
Utilize Hierarchies stream patterns at a web site. For example, Keynot
(www.keynote.com provides site performance meas-
Products are commonly organized in hierarchies:urements. The Keynote bot can generate a request
SKUs are derived from products, which are derived multiple times a minute, 24 hours a day, 7 daysaky
from product families, which are derived from categ skewing the statistics about the number of sessions
ries, etc. A product hierarchy is usually threesight page hits, and exit pages (last page at each sgssio
levels deep. A customer purchases SKU level items,Search engines conduct breadth first scans ofite s




generating many requests in short duration.

web pages when a user logs in, when the computer i$1]

idle, or on a specified schedule; it also suppoffiine

browsing, which loads pages to a specified depmfr
a given page. These options create additionak-clic [2]

streams and patterns.

bots that pretend to be real users.

6 Summary

Identifying such bots terfil
their clickstreams is a non-trivial task, espegidtr

(3]

We proposed an architecture that successfully inte-
grates data mining with an e-commerce system. The
proposed architecture consists of three main compo-[4]
nents:Business Data DefinitigrCustomer Interaction

and Analysis which are connected using data transfer
This integration effectively solves sever

bridges.

major problems associated with horizontal data mgini
tools including the enormous effort required in -pre

processing of the data before it can be used famg)j

and making the results of mining actionable. Tlgétti

integration between the three components of thiei-arc
tecture allows for automated construction of a data 6]
warehouse within thA&nalysiscomponent. The shared

metadata across the three components further simpli

fies this construction, and, coupled with the régh of
mining algorithms and analysis tools (like visualiz
tion, reporting and OLAP) also increases the edficy
of the knowledge discovery process. The tight irdeg

tion and shared metadata also make it easy to yleplo
results, effectively closing the loop. Finally wpee-

[5]

[7]

(8]

sented several challenging problems that need to be
addressed for further enhancement of this architect
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