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· ·Customer Service (continued) 
CBR is an index-based memory technology 

able to provide comprehensive knowledge 
management capabilities, coupled with an 
intuitive di,doguesbased interaction. It allows 
your·custom.ers to solve technical problems~ 
if they .were talking with an expert. The tech­
nology provides after~sales custome.r care 
solutions, which you qm use to .significantly 
reduce your .support costs and increase. cus­
tomer satisfadJon .. This type of automated 
customer support can translate into increased 
customer loyalty. 

The CBR. engine provides an extra-added 
benefit. in that· it ca.n. point out glitches and 
problems with products an.d · seivkes. Recurring · 
problems that .the CBR engine is time and agaih 

Figure 8'-9 
A customer ser-· 
vicesection in 
· your website 
provides yo11r · 
. clients· auto• 

mated support. 

asked to solve.canbetricorporated intoprodtict ·· 
. enhancements and improvements. Not unlike 
reverse· engineering, gradual product improve~· 
ments can Occurfrom the CBR process, impact- · 
ing th.e help> desk and customer service 
pro~esses the technology supports. 

. One. oftl:ie key ~pects of a CBR software 
engine is that if it.does· l'.lot find. a solution .to a 
probl¢m, it adds the new solution to its index, 
thus. evolving and improving over time, as other 
data mining technologies from the fielc:f of Al 

. tend to do. Of course, one of the beauties of 

. the \/1/eb is t(laf you can gradually accumulate a 
database 'qf <;arefully written responses to com­
mon problems and gradually beco.me more effi:- • 

. ci.e.nt ln providing onli.ne customer support. 
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Figure 8--10 
Common prob­
. /ems are dealt 

with quickly and . 
inexpr/nsi~ely .. 

Figure 8•41 
A CBRsystem 

·/earns.common 
problems and· 

· solutions. 

Troubleshooting 

Common Problems 

• How do 1 install the pr)ntbeads when setting UP the 

ru:im.fil2. 

·~ 
If your problem is not listed above, use the troubleshooting guide 
or look in one of the categories below: ( 

• Troubleshooting Gyide 
This tool asks you questions about your problem and 
guides you, step-by-step to a solution. This is the same 
guide that comes with your driver. 

The IN tray is too full. 

The OUT tray is too full. 

The pap eris too long. 

The paper does not meet the 
printer specifications. 

2. Make sure the paper width adjuster is 
snug against the left side of the paper 
stack but not 'bending it. 

3. Make sure the paper length adjuster is 
snug against the end of the stack of 
paperbutnot bending it. 

Remove some paper from the IN tray. The 
IN tray can hold up to a0.63 inch(16 mm) 
stack of media. This is approximately 1.50 
sheets of20 lb. paper or2.50 sheets for 
the accesso.typapertray 

Remove some paper from the OUT tny. 
The OUT tray capacity is approximately 
75 sheets of20 lb. paper. 

The printer does not operate properly 
with paper longer than 14 inches. 

Use paperthatmeet.s the printer 
specifications. 
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Organize Your Storefront 

An electronic commerce strategy should include a clear view on your 
company's plans on entering and using the electronic marketplace. 
Since the electronic channel is destined to become the primary vehi­
cle to conduct business in the future, your firm must learn how to 
attract and engage customers in it. It must plan on how it will process 
online orders and payments, how it will distribute products and ser­
vices, and how it will support your online customers, suppliers, and 
partners in this new business environment. You need to consider how 
you will transform internal business processes into the requirements 
imposed by the new types of electronic interactions. As with your 
datamart and data warehouse, you need to plan ahead and consider 
what kind of decision support tools you will use to analyze your data 
and for what end products and processes. 

Your company needs to plan and develop a strategy for doing busi­
ness in a new type of neighborhood: the nonphysical marketplace. 
Consider how electronic commerce is going to impact your industry, 
your relationship with your distributors, your partners and cus­
tomers, and eventually, your business. Consider what business oppor­
tunities are being created by electronic commerce in your market 
sector. Consider how your firm can take advantage of new electronic 
access to current and new customers and suppliers. What distributors 
and other intermediaries can be eliminated by electronic commerce? 
Decide what and how you want to conduct your electronic retailing, 
how you plan to organize your products in a database for quick 
browsing by your visitors, how shopping carts will be positioned, 
how payments will be processed, how you will facilitate one-to-one, 
one-stop shopping. Above all, how and what visitor information will 
you be capturing for subsequent data mining in order to foster a 
stronger relationship with them and a better shopping experience on 
their return? 

To establish stronger relationships, offer special incentives to your 
online visitors. Offer them your latest product or service develop­
ments or some other unique method of benefiting your visitors that 
cannot be replicated via other retailing channels. How is your com­
pany prepared for processing and analyzing more and more cus­
tomers as you migrate toward electronic retailing? Are you prepared 
to link your website to your other company databases, such as your 
customer information file and data warehouse? Consider what bene­
fits such linkage can provide. 
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Microsoft's lnteHigent Cross:-Sell 

Microsoft is incorporating data mining 
tec;hnology into its electronic-com­
merce server software, Microsoft's · 
Site Server 3,0 Commerce edition, 

· with a component called Intelligent 
Cross~Sell. ICS incorporates a data 
. mining algorithm that can be u_sed to 
analyze the activity of shoppers on a 
website and automatically adapt the 
site to that user's preferences._ ltrsthe 
first time Microsoft has made data 
mining a standard feature in one of 
its producKThe vision for this prod­
uct is that it will observe visitor pat­
terns and use the information to 
completely optimize a website and 
reorganize the appearance of the 
. online store to serve the customer 
better. ) 

. . . 
. The lntelligent:Cross~sell com po-. 

nent is based on histprical sales· bas­
kets in. stores, the browsing behavior · 
ofshoppers; a,nd the contents of cur-.. 
rent shopper baskets. 
· · The ICS module is designed to tw 

and predictthe ranking of products in 
. electronic ~etailer: sites most likely_ to 
be ofinterest to shoppers. The data 
mining compc,ment can be installed 
from a wizard in the NT. Site Server. 

, Tb keep online customers coming 
back time and.time again, Site Server 
offers.persorialization !ind promotion 
foatt.ires>.thafhelp companies cre,1te 

· targeted advertising campaigns and_ · 
. promotions according to preferences · 
and pa,st purchase patterns . 

If you already have an inventory database, a call site, automated 

ordering process, financial back end, or lead tracker, consider how 

you can integrate it with your website. For example, if you are com­

mitted already to an IBM, Oracle, or Microsoft database for some of 

these operations, consider their web retailing products for faster inte­

gration within your company. Ensure the database software you plan 

to implement for your electronic retailing site is compatible with your 

central company database or data warehouse as well. A discussion 

with your database administrator over the compatibility benefits ver­

sus overall cost for linking your existing company databases and the 

planned website should take place before selecting your system. 

Include in your discussion the existing procedures for decision sup­

port of your existing legacy systems, such as your datamarts and cus­

tomer database. 

As your company moves toward electronic commerce, how will 

it change the nature of your products and services? Just as you 

monitor your marketing efforts and ad campaigns, you likewise 

need to plan how you will measure the efficiency of your website. 

Make sure you are prepared to mine your online data as you cur­

rently are mining your offline data. If you are not mining your 
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website data, or planning on doing so, you will lose both time and 
money, especially when retailing your products and services on the 
Web. In this retailing channel, marketing ads, banners, offers, 
incentives and other methods of selling, provide you immediate 
feedback. The type of instantaneous feedback-in a digitized for­
mat which can be data mined, which is not possible with other 
media such as mail, radio, or television. Finally, consider how your 
company plans to manage and measure the evolution of your elec­
tronic commerce strategy. 

Retailing and Mining 

With the rapid advent of electronic commerce, retailing transac­
tions are rapidly migrating to the Web. As the numbers of web 
transactions continue to increase, electronic retailers will be faced 
with the same dilemma as physical retailers-to recognize the pat­
terns of opportunity and threats to their survival. As browsers turn 
into shoppers on the websites, companies will realize that cus­
tomers can be lost with a mouse click; the ability to decipher pur­
chasing patterns will increasingly become a critical factor to their 
survival. In the daily ebb and flow of online interactions, patterns 
are evolving about shopper tendencies, preferences, features, and 
behavior. By taking advantage of both server and client side pro­
grams to monitor, identify, and track the activity of your website 
visitors, you can gain the ability to capture important customer 
information for mining. 

The primary objective of a data mining analysis of your website is 
to identify the characteristics of those visitors and customers who 
make purchases. To mine your website data you will need something 
much more powerful than the existing server traffic analysis tools. 
You will require software incorporating multiple pattern-recognition 
technologies, such as neural networks and machine-learning algo­
rithms. The mining of your website data should provide you with an 
insight into the identity of your online customers in order that you 
may improve your relationship with them. Through e-mining, you 
may discover that a relatively small percentage of your customers 
account for most of your sites' profits. 

The key to electronic retailing revolves around providing pre­
miere services, customized products, and convenience. For the cus­
tomer, convenience is not having to tell the retailer what it is you 
want or need in the products and services you are purchasing. For the 
retailer, this means being able to figure out what the customer wants 
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before they ask. This is accomplished through to use of cookies, CGI 
forms, a customer database, and data mining analyses. It also involves 
using the preference information provided by the visitors as they reg­
ister or make their purchases, and sending targeted reminders via e­
mail or providing them special lists of services or products on their 
return to your site. Data mining is the missing link in providing the 
connection and relationship between consumers and the Web-a rela­
tionship that can be leveraged to serve them in a timely, efficient, and 
personal manner. 

Although some consumers are concerned about privacy and secu­
rity, many continue to register at websites and fill out surveys and 
sign up for one-click credit card ordering. The fact is that personal 
information is more secure online than offline. Consider how many 
people look at your credit card number when it is taken away by a 
waiter you have never seen before. In addition, personal preferences 
of products are already routinely captured every time you use your 
credit card-to the level that these companies know whether you use 
room service or not. Supermarket retailers, who encourage you to 
use their discount cards, already know the number of apples you 
consume in a week. ' 

Customer preference information about what you like and con­
sume is already out there and is being used t() position the right prod­
ucts, services, and messages in front of you. Convenience drives the 
sales on the Web for individuals who on the average have higher­
than-average incomes and education levels and tend to be very busy. 
On the whole, more and more consumers will come to accept that by 
providing some personal information, services will improve and 
products will be better suited to their unique needs. By providing per­
sonal preferences, consumers will find that the "right" products, ser­
vices, and information will flow to them, rather than their having to 
go out and search for them in the ever-expanding Web. 

To demonstrate how data mining can be used to improve online 
sales, an analysis was performed on a small sample of visitors who 
had made purchases of computer hardware. The objective is to dis­
cover what attributes constitute good prospects for this website. We 
begin the analysis by selecting our desired output, in this case "total 
number of sales" (Figure 8-12). 

The total number of customer account records for the analysis was 
1200, and the total number of errors was 66. The success rate for pre­
dicting when more than one sale was going to be made was .943. The 
following are some of the rules generated from the analysis: 
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Figure 8-12 
We select the 

field in the data 
we want to pre­
dict-the total 

number of sales. 

If Number of Children is 2.00 
Then Predicted 41 of Sales is more than 1.00 

Ru I e's probability: 1. 000 
The rule exists in 391 records. 
Significance Level: Error probability < 0.01 

E-Retailing 

This rule, or condition, is indicating that visitors to this website 
who have more than two children have a very high probability of 
making more than one purchase. This is a very important pattern 
since it occurs in nearly one-third of the sample data set: 0.32583. 
It may indicate the fact tl;iat a family will likely buy a PC for the kids 
along with a second purchase such as a printer for those school 
reports. 

On the other hand another rule was generated, which found that 
customer income level coupled with the number of children indicated 
the propensity to make no more than one purchase: 

If Customer Income_ is 47.807.00 + 205.00 
and Number of Children is 1.00 
Then Predicted # of Sales is not more than 1.00 

Rule's probability: 1.000 
The rule exists in 109 records. 
Significance Level: Error probability< 0.1 

Still another rule found a relationship between the numbei; of 
children and the search engine used to find this website: it found it 
limited the number of sales to no more than one: 
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If Number of Children is l.....QD. 

and Search Engine_ is Excite 
Then Predicted# of Sales is not more than 1.00 

Rule's probability: 0.908 
The rule exists in 99 records. 
Significance Level: Error probability< 0.1 

293 

This rule found a relationship between the keyword used and gen­
der and the propensity to buy more than one item: 

If 
and 
Then 

KEYWORD_ is desktop 
Gender is MALE 
Predicted# of Sales is more than 2.00 
Rule's probability: 0.930 
The rule exists in 66 records. 
Significance Level: Error probability < 0.1 

This rule found a rel~tionship between the visitor's age and their 
ZIP code, which in this case are those of a consumer class classified as 
Young Frequent Movers with a percentage between 71 and 92 percent: 

If AGE_ is 33.00 
and Y0UNG_FREQUENT _M0VERS_ZI P is 71. 00-92% 
Then Predicted 1f of Sales is more than 3.00 Rule's probability: 1.000 

The rule exists in 22 records. Significance Level: Error 
probability< 0.1 

The Young Frequent Movers consumers are young families with 
children. Typical of this population is their mobility: they tend to live 
in the South, with some concentrations in Nevada, New Mexico, and 
Wyoming. The data mining analysis found that when the visitors 
come from a ZIP code with these demographics, with a concentration 
between 71 and 92 percent and their age is 33, then their propensity 
to purchase multiple products is very, very good. 

An analysis such as this can provide executive management and 
marketing and Internet teams the insight they need to know who their 
visitors and consumers are. It can tell them what consumer class they 
represent, their median age, how they found the website, what portals 
they use, their income level, and a bit about their family makeup. All 
of this intelligence can assist this retailer in how and where to adver­
tise and where to position links to their website. It can also assist them 
in knowing what types of incentives they can use to increase their 
sales, what banners and wording to use. In the end it will help them in 
improving their relationships with their custom.ers. For example, this 
website seems to make sales to visitors with children. This fact may 
indicate that marketing campaigns geared to these consumers, such as 
discounted kids' software, may be a good strategy. 
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Electronic Commerce 

Despite modest growth, electronic commerce revenue is expected to 
hit $400 billion by 2002, according to a study by the research firm 
International Data Corporation. The figure was estimated in a study 
predicting global Internet and e-commerce growth from 1997 to 
2002. An overall increase in Web users around the world will be the 
main stimulus for the robust electronic commerce revenues expected 
over the next few years. The IDC predicts that the global number of 
Web users will jump to 320 million by 2002. During this same period, 
the percentage of Web users making purchases online will grow to 40 
percent by 2002. The same study predicts that actual number of Web 
users who will purchase goods online will shoot to 128 million in 
2002. Another research firm, Forrester Research, Inc., places much 
higher estimates for e-commerce; they project $3.2 trillion by 2003! 
These are promising figures for electronic retailers. 

Electronic commerce is changing the way all companies do busi­
ness. Electronic commerce impacts all aspects of retailing: business­
to-business as well as business-to-consumers. However, the core of 
electronic retailing means more than the buying and paying for 
products and services over the Web. Electronic retailing also ushers 
in a new method of doing online transactions and market research 
and data mining. Electronic commerce is pervasive, encompassing 
such tasks as electronic mail, peer networking, order processing and 
tracking, customer support, inventory management, and distribu­
tion. It impacts the monitoring of manufacturing processes, mar­
keting, and pricing. At the core, however, is the ability to digitize, 
store, and analyze all aspects ohnarketing, retailing, delivery, and 
after-sales servicing. 

Products and services sold and purchased over the Web can be 
both the traditional (physical) type as well as virtual (digital), with the 
latter being produced and delivered exclusively via this new retailing 
channel. Retailers of digital products and services have an inherent 
advantage over traditional ones, in that manufacturing, marketing, 
ordering, advertising, customer service, and all other aspects of doing 
business leave a digital trail of transactions which can be mined for 
insight, competitive intelligence, and targeted marketing. Thus the 
digital retailer is more responsive to the whims and preferences of his 
or her customers. 

Consumers of physical and digital products also behave differently 
in this type of networked environment. They are instantly converted 
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into experts and given the powerful ability to window shop the 
worldwide mall that the Web represents. The efficiency of these 
online shoppers will over time impact product choices, pricing strate­
gies, and competitive effortsr:"-which will include the aggressive use of 
data mining strategies, tools, and techniques. Companies and their 
relationships with their customers will also be affected as transactions 
migrate to the Web, removing the spatial and temporal limitations of 
the traditional modes of retailing. New costs, network efficiencies, 
product customization, relational marketing, models of interaction, 
and data mining on the Web will evolve. Vertical preference-based 
territories will supersede the traditional markets, which in the past 
were bound by national or physical regions. 

In an electronic retailing environment, consumers have higher 
control over product specification, quality, and price because of the 
shorter delivery cycle from design, production, and delivery. In this 
type of digital economy, physical products are superseded by digital 
ones, innovations to product design and delivery are accelerated, and 
there is a convergence in products, markets, and the infrastructure in 
which they exist. In this type of marketplace, information becomes a 
product commodity with value coming from knowledge-based 
processes such as data mining. It is a fluid and hardwired economy 
where marketing and retailing processes are interactive and digitized. 

Consider Priceline.com, which sells airline tickets over the Web. 
Priceline.com lets consumers post prices they want to pay for trips, 
and the first airline to accept that offer gets the business. This busi­
ness model has been so successful that Priceline.com has patented the 
process and is moving to include other retail items such as rental cars 
and hotels. Now consumers have control over the pricing for specific 
trips they want to take, challenging the retailers to meet the best pos­
sible product. Priceline.com has introduced one-to-one interaction 
between consumer and retailers. For the consumers it means they 
have control over pricing of the trip they want to purchase. For the 
retailer the challenge is making the sale while still making a profit. 
For the electronic retailers it means arriving at the right profit mar­
gin and having the ability to do some powerful analyses of sale trans­
actions via data mining. 

The same type of data analysis is required by other types of elec­
tronic retailers in which price is of paramount importance: online 
auctioneers. As bids and sales occur on specific retail items, patterns 
on prices will evolve which lend themselves to predictive modeling 
via data mining tools and technologies. Because every bid amount can 
be captured and digitized across such factors as wholesale price, how 

Chapter 8 

Amazon/AlmondNet 
Exhibit 1009 

Page 310



296 E-Retailing 

OptiMark: The Al ,Middleman 
OptiMark is a new Al electronic.retailing model 
changing the rules in securities. trading .at the 
Paeific Stock Exchange.' OptiMa.rklets investors. • 

· buy or sel.l in large .volumes without telegraph­
ing their moves to other traders, which helps • 
keep the market from moving ·against them.. · · 

QptiMark automates .buying and · selling at 
Internet speed and e.fficiency. The core .technol­
ogy· of OptiMark is that of fuzzy !ogic, Which· 
looks for a matching price between .what the 
retailer wants to sell for.and whatthe consumer 
wants to. buy at. The OptiMark system· coulcl · 
very well be one of the electronic retailing mod.: 
els of the future. · 
. The basis of f4zzy logic, if you rei::all,Js that 
of shades of memberships, With nothing being 
a crisp black or white. Fuzzy logic is a departure 
from classical two.-valued sets and logic,. fhc1.t . · 
uses "soft" linguistic (e.g., large, hot; tall) sys­
tem variables and a. continuous range .of truth 
values in the interval I0,1], rather than. strict 
binary (Trne . or False) . decisions and assign~ 
ments. Fuzzy logic is. a structured, model-free 
estimator that approximates a . 

. . 

instant Thirdly, in less than two seconds it 
returns with a mutually. satisfying trade at the 
optimal available pJice and volume. · The 
OptiMark system allows for complete 
anonymity; nondisclosure, and. the ability to 
express "degrees of willingness" to trade over a 
range of prices and volume. Using a supercom-

. puter and fuzzy logic algorithms, OptiMark con­
ducts· an exhaustive search of all possible trades 
in its network, completing up to several· billion 
calculations per stock in one or two seconds. And 
rather than simply matching buyers and sellers, 
OptiMark discovers the "sweet spot," or best 
possible price. . . . . 

•.. The OptiMark sYstem is currently being used 
for trading in the Pacific Stock Exchange, but its 
developers are already. looking at· consumer 
markets on the Web for selling eyerything frotn 
airline and stadium tickets to inswance, energy, 

.. and diamonds-at real•time trading marts. 
With the Web as the conduit, consumers using 
the OptiMark trading system C()Uld specify 
what• they'd pe willing to pay and let the Al 

function through linguistic 
input/output . associations. 
Fuzzy rule-based systems apply 

------------~" 

. these·· methods' to solve many 
types of "real~world" prob­
lems, especially where a system· 
is difficult to model, orwhere 
ambiguity or vagueness is 
common. A typical fuzzy. sys~ 
tern consists of. a rule base, 
membership functions; a~d an· 
inference· procedure. 

OptiMark uses fuzzy logic 
technology to play the role of · 
the ultimate Al middleman. 
First, it allows buyers andseljers 

·· to express hypothetical trading 
preferences . along a, range. of 
prices and volumes; Secondly, it. 
conducts a search of all buyers' 
anq sellers' interests at that 

Figure 8-13 QptiMark uses a fuzzy logic.engine to · 
facilitate buying and sellini, on the Web. 
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OptiMark: Th~ Al IV\iddlemar, (continued) . 
' ,., ·. ' 

middleman fi11d the rigbt · deal. ·. The system . · .. i~itantly and continuouslyvia t~e Web, '.making 
wbuld. seek to match consumers and retailers an the :mathematically and .. logically possible 

. whereverthey cari be matched; creatinga.com- matches between ·consumers and retailers. No 
.. promise with the.best possible trade. • .· . · .. · consumer: would ever pay more Jhan they 

The· OptiMark vision: all tradin~ interests wanted ctnd retailers would. he~er undercut 
. •. •. and requests are· processed via a11 Al system themselves unnece~sarily.. · 

long the bid has been open, what the starting bid was, the number of 
prior bids made, how many other retail items this bidder has bought, 
etc., all of these factors can be analyzed. Online bid websites can use 
such modeling tools as neural networks to model starting prices for 
their items. Through the strategic use of data mining technology, the 
electronic auctioneer can edge their profit margins on consumer 
items they put up on the electronic block for bid. 

The Web represents a seamless marketplace combining pattern­
recognition technology, telecommunications, and commerce. In this 
fluid marketplace, structural changes will impact retailing, trans­
forming marketing methods by hardwiring consumer demands 
directly to product design, manufacturing, quality, performance, and 
pricing. Competitive strategies will impact entire industries and con­
sumers will drive the changes to the marketplace. Consumers will 
select content and interact with producers and retailers in the design 
of their own products. The voluminous nature of digitized transac­
tions in this type of networked environment leads to the prevalent 
use of data mining software enabling retailers to interact with cus­
tomers and to create and process digitized products. 

Today, money is nothing but a type of data moving from one sys­
tem to another, with data mining being nothing more than a technique 
of trying to recognize and anticipate these evolving patterns. 
Electronic retailing represents a growing exchange of this type of data 
over the Internet-where consumers and retailers create an evolving 
process-much as an organism develops a nervous system. In this type 
of networked marketplace the processing and analysis of these digi­
tized transactions will allow companies to know who their customers 
are. It will allow them to leverage human-emulating technologies for 
recognizing and calibrating their customers' loyalty and value. 
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E-Mining 

Mining Your Site 

E-mining is the iterative process of analyzing the patterns of your 
online transactions and extracting knowledge about who is buying 
what, when, and, most importantly, why from your website. It is 
about extracting previously unknown, actionable intelligence from 
your website interactions. It is about using pattern-recognition tech­
nologies to answer such bottom-line questions as: 

■ How do I optimize my website inventory and design? 

■ What strategic partnerships should I be developing? 

■ How do I increase my share of my customers? 

■ What cross-selling opportunities do I have? 

■ Who is visiting and buying at my website? 

■ What ads and banners should I be using? 

■ Who are my most profitable customers? 

■ How do I increase my online sales? 

Websites of all sizes are currently experiencing an explosive 
growth in their capabilities to generate massive amounts of server 
data. However, few administrators are leveraging data mining tech­
nology to transform this web data into the type of competitive intel­
ligence that can improve their e-commerce efforts. E-mining is a 
powerful method of "recalling" the daily contacts your company's 
website had with your visitors and customers and "seeing" their 
behavior. Of course, memory and observation are human functions 
which data mining tools and techniques, based on AI technologies, 
are designed to emulate in the processing and analysis of large data 
sets. This type of inductive data analysis can answer questions you 
hadn't thought of asking, because it can discover relationships you 
were not aware existed and in the process uncover hidden patterns in 
thousands of visitor interactions in your website. 
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E-mining can assist you in figuring out exactly what customers 
want and deliver just that. It can assist you in improving your profit 
margins, in gaining control over your back-end inventory, and in the 
end, in improving the design and sequencing of your web pages. Most 
of all it can assist you in keeping your online customer satisfied by 
allowing you to profile them, through the mapping of their online 
behavior and demographics. E-mining removes a lot of the guesswork 
from doing business on the Web. Through the mining of your trans­
actional data you can become more responsive to your online cus­
tomers, making it hard for them to go elsewhere. Above all, e-mining 
is a business process with a specific goal: to extract a competitive 
insight from your online interactions. 

Beyond providing your customers the right product and service 
options, e-mining can also guide you in creating a strong relationship 
with your online clients. If your website provides a product or service 
that succeeds in your customers' eyes, and you are responsive to their 
needs again and again, then their investment in your company can 
create a lasting loyalty, helping you increase your market share of that 
client. In the following example, we will demonstrate how several 
data mining techniques can be used to gain this type of insight 
through an analysis of visitor site behavior, which in turn can provide 
you a composite profile of who they are. 

However, as with all other data mining projects, we must first start 
with the basics: the data and its various components. For these analy­
ses we start with some basic server log files coupled with some cus­
tomer information culled from a registration form database. We then 
merged this website data with our own data warehouse and some 
external demographic and household database sources. Several data 
mining analyses will then be performed to demonstrate the different 
insight and output each of the technologies and tools can provide to 
web, marketing, and business teams involved in e-commerce. The 
e-mining process breaks down as follows: 

Data Analysis Technology Goal 

Association Visualization Discover product and 
consumer relations. 

Clustering Self-Organizing Map Discover cross-selling 
"-" opportunities. 

Segmentation Decision Tree Discover key market segments. 

Classification Neural Network Predict propensity to purchase. 
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Figure 9-1 
The e-mining 

process. 

Data Analysis 

Optimization 

Mapping 

Integration 

Technology 

Genetic Algorithm 
,-

Geographic 
Information System 

Goal 

Maximize overall website 
design. 

View purchasing patterns. 

301 

Combine clustering, 
segmentation, and classification 
to gain an overview. 

Figure 9-1 illustrates the entire e-mining process. 

@~lliiil@~lfil 

Capturing the Look 

At this very moment your future customers are accessing your web­
site. Do you know who they are, where they live, what they make, 
how they live, what they buy, or what they like? In the preceding 
chapters we have discussed a rather diverse number of topics, every­
thing from relational marketing, to neural networks and machine­
learning algorithms, to cookies and collaborative filtering. Most 
importantly we have tried to emphasize the glue which binds them all 
together: data mining. In this chapter we put these concepts in prac­
tice through a series of examples using several data mining tech­
niques, technologies, and tools. 
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We begin by reviewing the process involved in capturing visitor and 
customer data at the server level and then using those components to 
append additional household and demographic information. The 
resulting data set is then mined using a variety of tools. The final 
results of these analyses are varied, although all of them are designed 
to provide you a new insight into who your website visitors are, where 
they came from, what they like, and most importantly, how you can 
gain and retain a relationship with them over their consumer life. 

When it comes to your website, the one concept you need to be 
clear about, especially in a networked environment, is that it's not 
just a transmitter-more importantly it's a receiver. What it receives 
is visitor behavior information: Information about who your visitors 
are, what they are searching for, how and what information, services, 
and products they want, and which offers they most likely will 
respond to. Start thinking of your site as a magnifying glass, capable 
of discovering the features and characteristics of its many visitors and 
potential new online customers. To gain an insight into the behavior 
and features of these visitors to your website, multiple techniques can 
be used to perform such tasks as: 

Sequencing: If they buy Product A, will they buy Product C or 
Product X and when? 

Segmentation: What differentiates my most loyal clients from all 
the others? 

Profiling: Who are my most profitable customers and how do I 
keep them? 

Association: What relationship does visitor gender have to sales at 
my site? 

Classification: How do I recognize high propensity to purchase visitors? 
Clustering: What attributes describe high return visitors to my site? 
Prediction: Who is likely to be my most loyal customer over time? 
Optimization: How do I design my site to maximize my online sales? 

Be aware that these analyses are not exclusive of each other or 
need to be done sequentially; your business needs will determine 
when you execute them. As we have discussed previously, most data 
mining tools are based on artificial intelligence technologies designed 
to emulate human perception and learning. Unlike database query 
programs, web analysis report generators, collaborative filtering soft­
ware, or statistical packages, data mining tools are different in ,that 
they perform their analy{>,es of patterns in an unbiased and 
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autonomous manner; they are driven by the data contained in log 
files and web-generated databases rather than your personal hypoth­
esis or interpretation of web traffic behavior. Data mining can be used 
to surmise and simplify the intricacies of thousands of website ses­
sions and visitor patterns in the form of a score, a ratio, a rule, or a 
decision tree graph. 

As with more traditional sources of data mining, the key to pre­
dicting the future lies in the analysis of historical transactional data. 
In the retailing industr-r, for example, this is usually in the form of bar 
code data. In the financial services sector, this may be in the analysis 
of prior loa,ns, credit card accounts, portfolios, CDs, or other types 
of financial products. In both instances the key to the construction of 
predictive models starts with the modeling of past transactions and 
interactions with customers. In the data mining of your website, these 
building blocks are the components of online transactions captured at 
the server level. These data components, coupled with a collaborative 
filtering engine or external demographic and household information, 
allow you to profile your visitors and potential future customers and 
to discover their preferences by analyzing their online behavior and 
purchasing patterns. 

A Sample Website Session 

------:@-
Figure 9-2a 

Generated Data 
Components: 

access time, 
ref erring site, 

search key­
words, visitor's 

domain, etc. 

-------:> 
Figure 9-2b 

New Data 
Components: 

visitor's unique 
identification 

name or number 
value. 

1. Website visit generates an entry in the server log file. 

0 LJ 
2. Server issues a cookie to browser. 

0 LJ 
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Figure 9-2c 
New 

Components: 
visitor's age, 
gender, ZIP 

code, etc. 

Figure 9-2d 
New 

Components: 
visitor's 

consumer 
behavior, value 

of home and 
auto, number of 

children, etc. 

Figure 9-2e 
New 

Component: 
insight about 
your visitors/ 

customers. 

E-Mining 

3. Website visitor completes a registration form. 

0 q EJ 
~ ~ 

4. Website data components are matched with other databases. 

EJ ~ ~ 

EJ 
~~ 

5. Finally, the enriched website d~ is•mined. 

EJ <> ~~ 
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Interactive by Design 

Solid State 

Prior to mining y:our website data, you first need to have a strategy for 
identifying who your visitors and customers are and what kind of infor­
mation you want to capture through your logs, cookies, forms, and per­
sonalized or collaborative filtering software, or combination thereof. 
With incremental steps\ you can begin to assemble a composite of who 
your website visitors and customers are. This commonly starts with your: 

Log Files, to find out where they came from, how they found you, 
and what they saw. 

ntt.com.jp - - [08/Jul/1999:16:44:14 -0744] ·GET /webminer/index.html 
HTTP/1.0" 200 5898 
"http://search.yahoo.com/bin/search?p=data+mining+websites" 
"Mozilla/3.01 (Macintosh; I; PPC)" 

Cookies, to find out where they went and who returned. 

Session_ID=1BABV317MEN 

Forms, to find out who they are and how to contact them. 
Joe Blow,34,Male,94502,jblow@docl.corn 

This then is the start of a customer record for data mining: 

ntt.com.jp - [08/Jul/1999:16:44:14 -0744] "GET /webminer/index.html 
HTTP/1.0" 200 5898 
"http://search.yahoo.com/bin/search?p=data+mining+websites" 
"Mozilla/3.01 (Macintosh; I; PPCJ", Session_ID=1BABV317MEN, Joe 
Blow,34,Male,94502,jblow@docl.corn ~ 

This comma-delimited string can easily be imported into a data­
base for pre-processing and prepared for merging with other data for 
subsequent data mining. This is the genesis of the data mining analy­
sis, because the true value of your website data is when it's merged 
with other personal customer information. True value is obtained 
once this enriched new data set is mined and "golden ore" is exca­
vated. One of the key strategies is to merge this "stateless" Internet 
data with household, demographic, and your own company databases 
and in doing so convert it into a "solid state." 

The web and the data it generates are often referred to as being "state­
less" due to the architectural design of TCP/IP. At times this makes the 
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task of mining this type of server data quite difficult. However, certain 
data captured at the server level can be linked to lifestyle and consumer 
information in order to convert this data into a solid state. Through the 
strategic use of site-specific data merged with external data, you will be 
able to "profile" who your customers are. For example, the preparation 
of the data may involve the merging of your registration form database 
with a demographic data set using the ZIP code as the joining link. Or, 
it may involve merging your log files with a collaborative or personal­
ization service provider using shared cookies, pooled over a network of 
websites. In both instances, a new and much richer data set will be cre­
ated, which may be mined in order to discover specific features and 
behavior about your website visitors. 

A common methodology for extracting features from customer 
information files and data warehouses, especially for highly compet­
itive market s.ectors such as retailing, financial services, insurance, 
and telecommunications, involves the enrichment of internal cus­
tomer data with external demographic and psychographic informa­
tion. These types of commercial databases are usually based on census 
information, which has been enhanced by database marketing 
resellers. These data vendors usually sell information culled from 
such public record sources as: 

■ real estate deed recordings 
■ government publications 
■ motor vehicle records 
■ public record files 
■ tax assessor files 
■ warranty cards 
■ questionnaires 
■ birth records 
■ white pages 
■ direct mail 
■ the census 

Detailed demographic information from these diverse sources not 
only helps you to determine the types of products and services your 
visitors are most receptive to purchasing, it can also assist you in 
choosing the types of ads, banners, links, and messages you present 
to them. E-commerce is highly driven by branding and the method by 
which a product is marketed. The lifestyle and values of your visitors 
can influence the overall design of your website and the method by 
which you market your product and services. Your visitors' demo-
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graphics may also lead you to forge alliances or partnering with other 
firms and sites. In fact the level by which your website data can be 
enhanced by merging it with otq.er information sources varies in rela­
tion to the activity which occurs with each visitor or customer. You 
can only link information to data, which is generated by the interac­
tions that take place in your website: 

Visitor Action Data Captured 

Browse Referrer log, cookie 

Register ZIP, gender, age 

Purchase Customer address 

Data Can Be Linked To 

Collaborative filtering, 
ad network 

Demographic database 

Household file, 
data warehouse 

With every interaction, website visitors provide more information 
about themselves thq.t can be used to merge it with other sources of 
lifestyle and consumer preference databases. In addition, with every pur­
chase a retailer can determine a consumer's preferences and rate of con­
sumption. This data gathering starts at a very low level, where only 
server log information is being captured and where the only matching 
which can occur is that involving the matching with collaborative filters 
and the commingling of cookies, such as that of the DoubleClick DART 
ad network. At the next stage, when a visitor completes a registration 
form at your website, important information can be captured, such as 
their ZIP code, which can be used to match it against such demographic 
databases as those from the Claritas, CACI, and Acxiom systems. 

r> 

Lastly, when a visitor becomes a customer and actually makes a 
purchase requiring that a product be mailed to them, their physical 
address is captured, which can be matched against an assortment of 
other sources of information. These sources include household infor­
mation providers like Experian and Polk, which cull consumer infor­
mation from warranty cards and other public records and consumer 
sources. All of these third party data providers vary in the amount of 
detail they can provide about consumers starting from the ZIP code, 
ZIP+4 and down to the track or single household level. It is recom­
mended that you do some comparison shopping and testing to deter­
mine which vendors give you the highest file penetration for your 
particular customers. Ask for specific statistics on their information 
content and their percent of file coverage. 

Website customer information can also be linked to your own data 
warehouse enabling you to do some additional data mining analysis, 
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such as a clustering or segmentation analysis. One of the immediate 
benefits of linking your website and data warehouse is that you can 
match, compare, and mine the data in order to compare the features 
of your existing customers with potential new clients. You may 
uncover some similarities in their regional location, age, gender, or 
other demographic, income, or lifestyle features. An important side 
benefit is that you may find a new market segment or a completely 
new type of customer you did not have before. 

The Data Set 

As you interact with your visitors and customers you gradually capture 
more and more information about them. You begin by first finding out 
how they found your site and what keywords they used to find you, 
which you capture from your log files. Next, as they complete a form 
you find out what ZIP code they live in and other important informa­
tion, such as their preferences and age or gender. Finally, should they 
make a purchase, you then have their physical address. All of these ele­
ments that you have captured can be used to match them against a col­
laborative engine or demographic and household information files in 
order to gain an additional understanding of their lifestyle and their 
preferences. More importantly the combined data set can be mined in 
order to segment and construct profiles about who they are. This com­
posite can be constructed as a comma-delimited string, which can eas­
ily be imported into a series of data mining tools. 

The Data Set Br~akdown 

A single .customer record with server data and 
appended household and demographic values: 

ntt.com.Jp - - [08/Jul/1999:16:44:14 -
· 6744] "GET /webminer/iridex,html, · 

HTTP/1:0'' 200 se98 "http://search. 
yahoo,com/btn/search?p=data+mining+web 
sites""Molilla/3.01 (Macintosh; I;· 
PPG}", Session~ID=lBABV317MEN, Joe 
Blow, 34,Mal e, 94502 ,j blow@docL com, 
4,.$81,895, "Luxury" ,$153,.408, $278, 
1, 1998-08-29, 3, 5, 10, 70.,0,2,0,0, 
o,o,o,o,o;o,b,o,o.o,o,t,o,o~o.etc. 

This is the information breakdown of this. 
single customer record sample: · 

This contains the 
domain: 

The data and time: 

The req_uested page: 

The versJon number: 

· · The .. status results: 

The number of bytes sent: 

The referring search 
engine we_bsite: 

The .. search keywords:. 

The.browser used: 

ntt.com.jp 

[08/Jul/1999:16:44:14 
•0744] 

"GET /webminer/ 
index.html 

HTTP/1.0 

200 . 

5898" 

http:/ /search. 
yahoo.com 

/bin/search?p 
. =data+mining 

+websites 

"Mozilla/3.01 
(Macintosh; I; pPC)" 
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Tlie cookie ID: 

The Visitorname: 

The visitor's age: 

.T~e visitor's gender: 

The visitor's ZIP code:. 

The visitor's. e-mail 
.. address: 

Number of prior sates: 

The visitor's estimated 
income: 

·Session_JD 
=1BA~V317MEN 

Joe elow · 

Male 

94502 

jblow@doc1 .corn 

$81,895 . 

Luxury·· 

1he,demographic 
breakdown by .· 
percentage of 
consum·er classes for 
\his visitor's ZIP: code.:. . 

3,5,10,60,2,20,0,0, 
· o,o,o,o,o,6,o,o,o,o,o, 
0,0;0;6,ek 

,' 

309 

These last.fiel.ds are fhe percentages of con­
. ·•sumer. cl~ses as• provided by a demographic 
· .. · database arid can be interpreted as: 3. percent of 

The.visitor's type 
qf vehicle: ~---------.--. --'--....-,-~~ 
The visifor's estimated · $153,408 

Top One Perteht, 5 percent. Seaboard Suburbs, 
10 pement Empty.Nesters, 60 percent Successful 
Suburbanites, · 2. percent Prosperous Baby 
Boorhers, .·20 ,percent Semirural Lifestyle, etc. 

'. There are 40 possible consumer dasses, each of 
wpith is represeritedas apercentage value: home yalue: 

The total amount of 
online sales: · 

The estimated number 
. of children for 

. this household: 

$278 

. 1 

. For purposes ofthese analyses we used this 
·single data set containihg components from 
fog files anq a forms database;appended with 
tustomer. information from a· company data 

.The last date a 
purchasew;i.s made by 

1998-08-29 ... 1tVarehouse, and, household and demographic 
· information: 

this visitor: · · 

Attribute 

Product 

Domain• ' 

Search, Engine 

Number qf Sales 

. , ZIP 

Income 

· VehideVa1ue 

Home Value 

Total Sales 

Number of Children 

Age Group 

Last Buy Date 

Top One Percent ZIP Code 

Seaboard Suburbs ZIP Code . 

· · Empty Nesters ZIP Code · 

Source 

Form Database 

Log File 

Log File·. 

· Data Warehouse 

.Form Database 

Hou.sehold Database 

Household Database ,; 

Household .Database 

Data W9-re!:Jouse, 

Household Database 

Form Database. 

Form Database 

Data Warehouse 

· Demographic Database · ·· 

Demographic Database . 

Demographic Database 
• • • • 0 ' 

+37 o.ther ZIP code. perceritagebreakdowns 

·oata 

"yahoo!'· 

4 

94502 

$81,895 

"Luxury" 

$153,408 

. $278 · 

1 

M 
45-49 

.1998c08-29 

3 

5 

10 
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Clustering (Association and Sequencing) 

In order to discover possible associations and sequencing patterns in 
the data, the first analysis involves using a data mining tool incorpo­
rating a Self-Organizing Map (SOM), also known as a Kohonen neural 
network. This type of neural network is ideal for exploratory analyses 
and can be used to search for discrete clusters in the data. A k-nearest 
neighbor statistical algorithm can also be used to accomplish the same 
type of task. The purpose for doing this type of clustering analysis on 
your website data is to discover associations between visitor attributes, 
such as gender or age and the number of sales they make or the total 
amount of purchase~ they have made at your site. 

Clustering is a good e-mining start-it is an exploratory method of 
discovering relationships, which you may find surprising and totally 
unexpected. An SOM network explores all the data that you have 
compiled and gradually constructs spatial clusters of data. This type of 
analysis is commonly done by retailers in "market basket analysis," 
where they search for patterns or relationships between the sale of cer­
tain products for cross-selling and mixed promotion opportunities. 

This type of clustering analysis is also known as "unsupervised 
learning" because the neural network used to do the clustering is not 
instructed or provided a desired output. A SOM is instead designed to 
discover-on its own-specific clusters or classes within a given data 
set. For purposes of this example we will use an SOM to explore and 
discover clusters within a 10,000-sample data set. Hopefully it will 
find for us some cross-selling patterns and marketing opportunities. 
Using a data mining tool with a graphical programming interface we 
are able to import the comma-separated value (CSV) flat text file and 
partition a random sample of 50 percent of the records. We connect a 
table viewer to visually inspect the-aata and ensure the expected values 
are correct (Figure 9-3). Next, we connect a "type" node, which 
ensures the data types are correctly set prior to importing the data into 
the Kohonen (SOM) modeling node (Figure 9-4). The data mining 
tool will generate a graphical view from which the user can gradually 
begin to see the partitioning of the data into clusters identified by dif­
ferent shades of color and density, as shown in Figure 9-5. 

After some time (this can vary from a few minutes to a few hours 
depending on your CPU, the size of the data set, and the complexity 
of the settings of the network), the SOM will construct some distinct 
data cubes, or clusters. The parameters for determining the distinc­
tions between these clusters can be set or allowed to default to'the 
software setting. Next, as shown in Figure 9-6, the results of the clus-
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, Figure 9-3 
It is a good 

practice to visu­
ally inspect your 

data once 
imported into a 

data mining 
tool. 

Figure 9-4 
A random SO­

percent sample 
of the data is 

passed through 
an SOM net­

work to create 
clusters. 
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stUd!:j,.txt 50¼ 

Kohonen ~ 

$J<V-Kohonen v. $KX-K+" 

tering analysis can be plotted and the significant distributions of data 
can be "marked" for further "drilling" by simply marking them on 
the fly and generating a sub-segment from them for further analysis, 
using a rule-generating algorithm. 

The marked clusters can now be generated as a derived class of the 
entire database, which represents the five clusters marked in Figure 
9-6. This subset of the data is now passed through the rule-generat­
ing CS.O machine-learning algorithm, which is used to extract a set 
of rules, or conditional statements, that describe the clusters discov­
ered by the Kohonen neural network. This two-step process involves 
first generating an autonomous analysis of the data (clustering). Next 
the clusters are diagrammed and areas of interest are identified and 
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Figure 9-5 
Gradually clus­

ters begin to 
develop from 

the website 
data. 

Figure 9-6 
The results of 
the clustering 

analysis are 
plotted to a 

graph. 

E-Mining 

partitioned. These partitioned clusters are then evaluated using an 
algorithm, which describes the data further via the process of descrip­
tive rules. These are rules that are easily understood by online retail­
ers, webmasters, marketing, and business professionals. Figure '9-7 
illustrates the steps taken to partition the data into clusters and link 
the output to a rule-generating algorithm. 
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Figure 9-7 
Rules can be 
generated to 

describe a region 
in a cluster. 
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,/'1 table 

50¼ 

~ 

region 

\ 

The following is a set of rules generated directly from the clusters 
created by the Kohonen SOM neural network. The mapping of the 
clusters represents the high concentration of accounts around regionl 
(the five-cluster area), which represents website customers who made 
two purchases: 

Ru 1 e 1. 
IF Search Engine excite 
AND Domain [aol edu] -> THEN regionl (2 Sale Items) 

Rule 1 relied solely on log file information to develop an association. 

Rule 2. 
IF Search Engine infoseek 
AND Vehicle Value High -> THEN regionl (2 Sale Items) 

Rule 2 uses components from the log file (the referrer section) and 
information culled from a household database to find an association 
with the number of sales. 

Rule 3. 
IF Search Engine webcrawler 
AND Vehicle Value Luxury 
AND Age Group 30-34 -> THEN regionl (2 Sale Items) 

Rule 4. 
IF Domain com 
AND Vehicle Value Luxury 
AND Age Group 40-44 -> THEN regionl (2 Sale Items) 
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Figure 9-8 
We select Search 

Engine as the 
variable to plot 

and view. 

E-Mining 

Rules 3 and 4 found associations between log file and household 
information, and with the visitors' age, which was obtained from the 
registration form. 

This clustering type of analysis is an ideal approach to take when 
exploring for associations between products and transactional and 
demographic information. It can reveal to the web marketing and 
business team undiscovered opportunities for cross- and up-selling, 
and may lead to the development of specific marketing strategies. For 
example, in this analysis ads will probably be most cost effective if 
placed at Infoseek rather than at Yahoo, since visitors from this search 
engine seemed to have a higher propensity to buy at this website. 
You'll note that visitors from other search engines, like Webcrawler 
and Excite, also made multiple purchases at this website, but it was 
with other conditions, such as a certain age group, vehicle value, or 
from certain sub-domains. In fact it is quite easy to zero in on any 
type of variable in your data and view how it is affected by the clus-
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, Figure 9-9 
The clustering of 

website visitors 
based on the 

search engine 
they used. 
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ters uncovered in your d:!!:ta mining analysis. The fields to be plotted 
can be selected on the fly, as shown in Figures 9-8 and 9-9. 

Note in Figures 9-8 and 9-9 that the predominant search engines 
for this website seem to be Excite and Infoseek. This clustering analy­
sis concentrated on identifying the features of those visitors to this 

· website who made two purchases and what search engine they used. 
However, similar analyses can be performed to identify other types of 
associations, such as those customers who have spent more than $50 
or $100 in purchases. 

Another clustering analysis was performed, this time with the 
intent of identifying associations between various product lines being 
sold at this website. For this example, there are five distinct categories 
of product types: Item_00, Item_0l, Item_02, Item_03, Item_04, and 
Item_05. The graph in Figure 9-10 shows a high concentration on 
the right, which can be marked again, in order to create a derived 
data subset, which will be generated as product_regionl. 

As in the prior analysis, we next derive a subset of the data directly 
from the clustering graph by simply marking the area we are interested 
in exploring further, in this case, the clusters on the right. We next con­
nect the derived data set to the rule-generating CS .0 algorithm, which 
will extract the following rules describing this particular grouping: 

Domain com 

Vehicle Value Luxury 

Product Item_00 (248.0, 1.0) -> product_regionl 

Product Item_02 
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---------:> 
Figure 9-10 

Each sale item is 
represented by a 

different color in 
the graph. 

Working Class=< 0.5 (54.0, 0.796) -> product_regionl 

Product Item_04 
Age Group 44-49 (10. 0, 1. 0) -> product_regi onl 

Product Item_05 
Age Group [21-24 60+](0.0, 1.0) ->product_regionl 
Age Group 25-29 (3.0, 0.667) -> product_regionr 
Age Group 35-39 (6.0, 0.833) -> product_regionl 
Age Group 40-44 (11.0, 1.0) -> product_regionl 
Age Group 44-49 (17.0, 1.0) -> product_regionl 
Age Group 30-34 
Number of Sales > 1.5(3.0, 1.0) -> product_regionl 
Age Group 50-54 
Number of Children> 1.5 
Income=< 40518(2.0, 1.0) -> product_regionl 
Product Item_0l 
Number of Sales > 1.5 
West Coast Immigrants=< 0.5 (6.0, 1.0) -> 
product_regionl 

E-Mining 

The most important rule generated from this clustering analysis is 
the first one at the very top: 

IF 
Visitor's domain is .com 
AND Their Vehicle Value is Luxury 
THEN Product Item_00 (this occurred with 248 customers with a probability 

of 100%) 

All of the other rules for the other product items had relatively 
small number of occurrences. For example, the next highest rule is 
for product Item_02 with 54 observations and a probability of 0.79 
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