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CHAPTER ONE:
INTRODUCTION TO DATA MINING AND CRISP-DM

INTRODUCTION

Data mining as a discipline is largely transparent to the world. Most of the time, we never ev
noti ce t hat Butwhéngeverhwa pigneim forragrocery store shopping card, place ¢
purchase using a credit card, ofthe Web, we are creating data. THatseare stored in large

sets on powerful computers owned by the companies we deal with every day. Lying within th
data sets are pattdinsmdicators of our interests, our habits, and our behaviors. Data mining
allowspeopleto locate and interpret those patterns, helping them make better informed decisiol
and better serve their customers. That being said, there are also concerns about the practic
data mining. Privacy watchdog groups in particular af@logtorganizations that amass vast

guantities of data, some of which can be very personal in nature.

The intent of this book is to introduce you to concepts and practices common in data mining. It
intended primarily for undergraduate college studed for business professionals who may be
interested in using information systems and technologies to solve business problems by mir
data, but who likely do not have a formal background or education in computer science. Althol
data mining is theision of applied statistics, logic, artificial intelligence, machine learning and da
management systems, you are not required to have a strong background in these fields to us
book. While having taken introductory collegel courses in statistiand databases will be
helpful, care has been taken to explain within this book, the necessary concepts and techni

required to succgfsllly learn how to mine data.

Each chapter in this book will explain a data mining concept or technique. Yoursterstand

that the book is not designed to be an instruction manual or tutorial for the tools we will us
(RapidMineandOpenOfficeBase anfalc). These software packages are capable of many type
of data analysis and this text is not intended tovep all of their capabilities, but rather, to

illustrate how these software tools can be used to perform certain kinds of data mining. The bc
3
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is also not exhaustjvieinclude a variety of common data mining techniques, but RapidMiner in

particular isapable of many, many data mining tasks that are not covered in the book.

The chapters will all follow a common format. First, chapters will present a scenario referred to as
Context and Perspedtinis section will help you to gain awneald ideaabout a certain kind of

problem that data mining can help solve. It is intended to help you think of ways that the data
mining technique in that given chapter can be applied to organizational problems you might face.
FollowingContext and PerspecteteofLearning Objecis/esfered. The idea behind this section

is that each chapter is designed to teach you something new about data mining. By listing the
objectives at the beginning of the chapter, you will have a better idea of what yexpswoditd

|l earn by reading it. The chapter will foll ow wi
these sections, stbp-step examples will frequently be given to enable you to work alongside an
actual data mining task. Finally, aftentam concepts of the chapter have been delivered, each
chapter will conclude withGhapter Summarget oReview Questiortselp reinforce thenain

points of the chapter, and one or miéxercis® allow youo try your hand at applying what was

taught in the chapter.

A NOTE ABOUT TOOLS

There are many software tools designed to facilitate data mining, hamgwathese are often
expensive and complicated to install, configure
learning the basiof data mining. This book will @3penOffice Caland Basén conjunction

with an open source software product called RapidMiner, developed Hy Gapidi of

Dortmund, Germany. Because OpenOffice is widely available and very intuitive, itais a logic

place to begin teaching introductory level data mining concepts. However, it lacks some of the

tools data miners like to ugseapidMiner is an ideal complement to OpenOffice, and was selected

for thisbookfor several reasons:

1 RapidMiner provides spic data mining functions not currently found in OpenOffice,

such as decision trees and associationwties you will learn to use later in this book
1 RapidMiner is easy to insgadtl will run on just about any computer

1 RapidMined s  nmaokigesa Community Editiorf its software, making free for

readers$o obtainand use
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1 Both RapidMiner and OpenOffice provide intuitive graphical user interface environment:
which make it easi@ar general computersing audiences the experience thpower
of data mining.

All examples usin@penOfficeor RapidMinerin this bookwill be illustratedin a Microsoft
Windows environmenalthough it should be noted that these software packages will work on
variety of computing platformdt is recommended thgou download and install these two
software packages on your computer now, so that you can work along with the examples in
book if you would like.

10OpenOffice can be downloaded frdmip://www.openoffice.org

fTRapidMiner Community Edition can be downloaded from:
http://rapid-i.com/content/view/26/84/

THE DATA MINING PROC ESS

Al t hough data miningds roots c athe 19%0s therfiellc e d

was still in its infancy. Data mining was still being defined, and refined. It was largely a lo

conglomeration of data models, analysis algorithms, and ad hoc outputs. In 1999, several siz
companies including auto maker DamBenz, insurance provider OHRA, hardware and software
manufacturer NCR Corp. and statistical software maker SPSS, Inc. began working togethe
formalize and standardize an approach to data mining. The result of their @RISR ,

the CRos$ndustry Standard Process for Data Minidighough

the participants in the creation of CRIBW certainly had vested interests in certain software and
hardware tools, the process was designed independent of any specific tool. It was written in su
wayas to be conceptual in nafurgomething that could be applied independent of any certain
tool or kind of data. The process consists of six steps or phases, as illustrated-in Figure 1


http://www.openoffice.org/
http://rapid-i.com/content/view/26/84/
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1. Business
Understanding

35

4. Modeling

2. Data
Understanding

6. Deployment

3. Data
Preparation

5. Evaluation

Figure 11: CRISFDM Conceptual Model

CRISP-DM Step 1:Business (Organizational) Understanding

The first step in CRISPM is Business Understanding or what will be referred to in this text
asOrganizational Understanding since organizations of all kinds, not just businesses, can use
data mining to answer quessicand solve problems. This step is crucial to a successful data
mining outcome, yet is often overlooked as folks try to dive right into mining their data. This is
natural of courgewe are often anxiou® generate some interesting output; we wantdo fin
answer s. But you wouldndot begin buvehicdto ng a
do, and without firstlesignimghat you are going tmild. Consider these effuoted lines from
Lewis Bhrcebbdsddventures in Wonderl and

"Would you tell me, please, which way | ought to go from here?"

"That depends a good deal on where you want to get to," said the Cat.

" dondt mu'sdidAcaar e wher e

"Then it doesndt matter which way you go, "
"--s0 long as | get SOMEWHERHR\lice added as an explanation.

"Oh, youdre sure to do that," said the Cat
|l ndeed. You can mine data all day | ong and
know, i f you haven answed tben itha effarts @& yoyr dajaunmensg daredesss

S

to

likely to be fruitful. Start with high level ideas: What is making my customers complain so much?

6
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How can | increase my patit profit margin? How carahticipate and fix manufacturing flaws
and hus avoid shipping a defective produd¢irom there, you can begin to develop the more

specific questions you want to answer, and this will enable you to préceed to

CRISP-DM Step 2:Data Understanding

As with Organizational Understandimgta Understanding is a preparatory activity, and
someti mes, its value is |l ost on peopl e. D
did not have their own computer (or multiple computers) sitting on their desk (or lap, or in the
pocket), dataweree nt r al i zed. I f you needed i nfor ma
request a repofitom someone who could query that information from a central dg@bizseh

it from a company filing cabinend provide the results to you. The investdrihe personal
computer, workstation, laptop, tablet computer and even smartaiveneackriggered mowe

away from data centralization. As hard drives became simultaneouslydiErgaper, and as
software like Microsoft Excel and Access beaareasingly more accessible and easier to use,
data began to disperse across the enterprise. Over time, valuable data stores became strewn
hundred and even thousands of devices, S

customer support ddtases, and human resources file systems.

As you can imagine, this has created afandted data problem. Marketing may have wonderful
data that could be a valuable asset to senior management, but senior management may n
aware oft h e d a tneddestherebrecausd & territorialism on the part of the marketing
department, or because the marketing fol ks
dat a t hey ohe samgaauldhe said af the information sharing, or lack theteetn

al most any two business wunits in an organi
often invoked to describe the separation of units to the point where interdepartmental sharing &
communication is almost neristent. It is urkely that effective organizational data mining can
occur when employees do not knelatdata they have (or could have) at their disposdiese
those data are currently located. In chapter two we will take a closer look at some mechani
that organizéons are using to try bring all their data into a common location. These includ

databases, data marts and data warehouses.

Simply centralizing data is not enough however. There are plenty of question that arise once
organi zat i on Oralled aAhere diddhe @ata lboene fnom2 Who collected them and

7
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was there a standard method of collectidhat do the various columns and rows of data mean?

Are there acronyms or abbreviations that are unknown or unclear? You may need to do some
reseash in the Data Preparation phase of your data mining activities. Sometimes you will need to
meet with subject matter experts in various departments to unravel where certain data came from,

how they were collected, and how they have been coded andisisrerdtically important that

you verify the accuracy

does not apply in data mining. Inaccurate or incomplete data could be worse than nothing in a
data mining activity, kmese decisions based upon partial or wrong data are likely to be partial or

wrong decisions. Once you have gathered, identified and understood your data assets, then you

mayengage i

CRISP-DM Step 3: Data Preparation

Data come in many shapes and fem&ome data are numeric, some are in paragraphs of text,
and others are in picture form such as charts, graphs and maps.

narrative, such as comment s

testimony Data that arenot

sometimesnehr adi ti onal dat a

about approaches to formatting data, beginni@gapter2. Although rows ahcolumns will be

one of our mo st common I

RapidMiner and analyzed for patterns as well.

Data Preparationinvolves a number of activities. These may include joining two or more data
sets together, reducing data sets to only those variables that are interesting in a given data mining
exercise, scrubbing data clean of anomalies such as outlier observations or missing data, or re

formatting data for consistency purposes. For examplenay have seen a spreadsheet or

and r el

i n r ows

f or mat s

ayout s,

database that held phone numbers in many different formats:

Some data are anecdotal or

on

(555) 555555 555/5555555
5555555555 555.555.5555
555 555 5555 5555555555

Each of these offers the same phone number, but stored in different fGimea¢sults of a data
mining exercise are most likely to yield good, useful results when the underlying data are as
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Chapter 1: Introduction to Data Mining and CRDS&#

consistent as possible. Data preparation can help to ensure that you improve your chances

successful out come when you begine

CRISP-DM Step 4: Modeling

A model, in data mining at least, is a computerized representationwadricéabservations.
Models are the application of algorithms to seek out, identify, and display any patterns or mess
in your data. There are two basic kindgpas of models in data mining: thosedlzestsify and

those thapredict.

Classification

Figure 12: Types of Data Mining Models

As you can see in Figur@,lthere is some overlap between the tfpesdels data mining uses.

For example, this book will teachymy aboutdecision trees Decision Trees are a predictive
model used to determine which attributes of a given data set are the strongest indicators of a g
outcome. The outcome is usually expressed as the likelihood that an observation wall fall int
certain category. Thus, Decision Trees are predictive in nature, but they also help us to classift
data. This will probably make more sense when we get to the chapter on Decision Trees, but
now, i tds 1 mportant |lpustoclassify and ptegict baseal ondpatterhsa
the models find in our data.

Models may be simple or complex. They may contain only a single process, or stream, or they
contain suiprocesses. Regardless of their layout, models are where datenonesngfom
preparation and understandingdevelopmenand interpretation. We will build a number of

example models in this text. Once a model
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CRISP-DM Step 5: Evaluation

All analyses of data have the potential forsf@8 posi ti ves. Even i f a mo
positives however, the model may not find any interesting patterns in your data. This may be
because the model isndt set up well to find the
theresinply may not be anythingteresting in your datar the model to find. The Evaluation

phase of CRISPM is there specifically to help you determine how valuable your model is, and

wha you might want to do with it.

Evaluation can be accomplished usinguanber of techniques, both mathematical and logical in
nature. This book will examine techniques for-gadiskstion and testing for false positives using
RapidMiner. For some models, the power or strength indicated by certain test statistios will also
discussed. Beyond these measures however, model evaluation must also include a human aspect.
As individuals gain experience and expertise in their field, they will have operational knowledge
which may not be measurable in a mathematical sense,nboetl®eless indispensable in
determining the value of a data mining model. This human element will also be discussed
throughout the book. Using both ddtaven and instinctive evaluation techniques to determine a

model s useful nersoaw, twe moasre tomen odkeci de

CRISP-DM Step 6: Deployment

If you have successfully identified your questions, prepared data that can answer those questions,
and created a model that passes the test of being interesting and useful, then you have arrived at
the pointof actually using your reshlssisdeployment and it is a happy and busy time for a data

miner. Activities in this phase include setting up automating your model, meeting with consumers

of your model ds out put s, oropéraiaral mformatign systentish e x i st i
feeding new learning from model use back into the model to improve its accuracy and
performance, and monitoring and measuring the outcomes of model use. Be prepared for a bit of
distrust of your model at fifistyou mayeven face pushback from groups who may feel their jobs

are threatendaly this new toglor who may not trust the reliability or accuracy of the outputs. But
donot | et this discourage you! Remember t hat
UNIVAC, one of the first commercial computer systems, when the network used it to predict the
eventual outcome of the 1952 presidential election on election night. With only 5% of the votes
counted, UNIVAC predicteBwight D. Eisenhower would defeatlai Sevensonn a landslide;

10
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something no pollster or election insider
expected Stevenson to win by a narrow margin, with some acknowledging that because
expectedt to be close, Eisenhower migiigo prevail in aght vote. It was only late that night,
when human vote counts confirmed that Eisenhower was running away with the election, tt
CBS went on the air to acknowledge first that Eisenhower had won, and second, that UNIVA
had predicted th very outcome hours earlier, but network brass had refused to trust the
computerds prediction. UNI VAC was further
be within 1% of what the eventually tally showldw technologyis often unsettlingptpeople,

and it is hard sometimes to trust what computers show. Be patient and specific as you explain

a new data mining model works, what the results mean, and how they can be used.

While the UNIVAC example illustrates the power and utility ofctivedcomputer modeling
(despite inherent mistrust), it should not construed as a reason for blind trust either. In the day:
UNIVAC, the biggest problem was the newness of the technology. It was doing something |
one really expected or could explaimd because few people understood how the computer
worked, it was hard to trust foday we face a different but equally troubling problem: computers
have become ubiquitous, and too often, we
accurag and meaningful. In order for data mining models to be effectively deployed, balance m
be struck. By clearly communicating a mo
testing and proving the model, then planning for and monitoringlésnentation, data mining
models can be effectively introduced into the organizational flow. Failure to carefully ar
effectively manage deployment however can sink even the best and most effective models.

DATA MINING AND YOU

Because data mining denapplied to such a wide array of professional fields, this book has bee
written with the intent of explaining data mining in plain English, using software tools that al
accessible and intuitive to everyone. You may not have studied algorithtngctdega, sor
programming, but you may have questions that can be answered through data miaurg. It is
hope that by writing in an informal tone and by illustrating data mining concepts with accessik
logical examples, data mining can become ataséfal you regardless of your previous level of

data analysis or computing expertise. Let

11
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CHAPTER TWO:
ORGANIZATIONAL UNDER STANDING AND DATA
UNDERSTANDING

CONTEXT AND PERSPECT IVE

Consider some of t hlgedwith tnthe past threesor fguo days.v Havelyai e
purchased groceries or gasoline? Attended a concert, movie or other public event? Perhaps
went out to eat at a restaurant, stopped by your local post office to mail a package, mad
purchase onliner placed a phone call to a utility compdtwery day, our lives are filled with

interactiongd encounters with companies, other individuals, the government, and various othe

organizations.

Il n t oday &diveh seaety,many ofghpse emters involve the transfer of information
electronically. That information is recorded and passed across networks in order to compl
financial transactions, reassign ownership or responsibility, and enable delivery of goods

services. Think abotitet amount of data collected each time even one of these activities occurs.

Take the grocery store for example. If you take items off the shelf, those items will have to
replenished for future shoppérperhaps even for yourséla f t e r n@dd lto make airGilarl

purchases again when that case of cereal runs out in a few weeks. The grocery store |
constantly replenish its supply of inventory, keeping the items people want in stock wh
maintaining freshness in the products they sellakiésrsense that large databases are running
behind the scenes, recording data about what you bought and how much of it, as you check
and pay your grocery bill. All of that data must be recorded and then reported to someone wh

jobitistoreordetiems f or the storeds inventory.

However, in the world of data mining, simply keeping inventdoydape is only the beginning.
Does your grocery store require you to carry a frequent shopper card or similar device whi

when scanned at checkout time, ves you the best price on e
13



Data Mining for the Masses

can now begin not only keep track of stade purchasing trends, but individual purchasing
trends as well. The store can target market to you by sending mailers with coupons for products

you tend to purchase most frequently.

Now | etdbs take it one step further. Remember ,
when you filled out the form to receive your frequent shopper card. You probably indicated your
address, date of bithor at | east birth year), whether youdr
your family, annual household income range, or other such information. Think about the range of
possibilities now open to your grocery store as they analyze that vastfashatauthey collect at

the cash register each day:

1 Using ZIP codes, the store can locate the areas of greatest customer density, perhaps
aiding their decision about the construction location for their next store.

1 Using information regarding custorgerder, the store may be able to tailor marketing
displays or promotions to the preferences of male or female customers.

1 With age information, the store can avoid mailing coupons for baby food to elderly
customers, or promotions for feminine hygiene protludisuseholds with a single

male occupant.

These are only a few the many examples of potential uses for data mining. Perhaps as you read
through this introduction, some other potential uses for data mining came to your mind. You may
have also wonderedw ethical some of these applications might be. This text has been designed

to help you understand not only the possibilities brought about through data mining, but also the
techniques involved in making those possibilities a reality while accepéisigotisbility that

accompanies the collection and use of such vast amounts of personal information.

LEARNING OBJECTIVES

After completing the reading and exercises in this chapter, you should be able to:
1 Definethe discipline of Data Mining
1 List and defie various types data
9 List and define various sourcedaif

1 Explain the fundamental differences betwlatabaseslatawarehouses amthtasets

14
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1 Explain some of the ethical dilemmas associated with data méhimgtlime possible

solutions

PURPOSES,|INTENTS AND LIMITATI ONS OF DATA MINING

Data mining, as explaineddhapter 1 ofhis text, applies statistical and logical methods to large
data sets. These methods can be ussddgorite data, or they can be used to cimaictive
models. Categorization®f large sets may include grouping people into similar types of

classifications, or in identifying similar characteristics across a large number of observations

Predictive models however, transform these descriptions into expectationdiapove can
base decisions. For example, the ownabobkselling Web site could project how frequently
she may need to restock her supply of a given title, or the owner of a ski resort may attemp

predict the earliest possible opening date bagwojected snow arrivals and accumulations.

It is important to recognize that data mining cannot provide answers to every question, nor can
expect that predictive models will always yield results which will in fact turn out to be the real
Datamining is limited to the data that has been collected. And those limitations may be mat
We must remember that the data may not be completely representative of the group of individt
to which we would like to apply our results. The data may hawolbessad incorrectly, or it

may be oubf-date. There is an expression which can adequately be applied to data minir
among many other thingatGO,or Garbage In, Garbage That quality of our data mining results

will directly depend upon the gtyatif our data collection and organization. Evendiieg our

very best to collettigh quality data, we must still remember to base decisions not only on dat
mining results, but also on available resources, acceptable amounts of risk, anaplaiorold ¢

sense.

DATABASE, DATA WAREHOUSE, DATA MART, DATA SETé ?

In order to understand data mining, it is important to understand the nature of databases, d
collection and data organization. This is fundamental to the discipline of Data Mining, and w
directly impact the quality and reliability of all data mining activities. In this section, we w

15
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examine the differences betweamabases data warehouses anddata sets We will also

examine some of the variations in terminology used to deataibérnibutes.

Although we will be examining the differences between databases, data warehouses and data sets,
we will begin by discussing what they have in common. InZFigwe see some data organized

into rows (shown here as A, B, etc.) aatlumns (shown here as 1, 2, etc.). In varying data
environments, these may be referred to by differing names. In a database, rows would be referred
to astuples or records while the columns would be referred tioeéds.

A | B | ¢ | D |
| 3989.408 3989.408 140.4029 2654.273
140.4029 4125.044 4125044 1335467
2654.278 1335467 2789.76 278976
5777.168 1788.068 5912553 3123.153
| 2050.529 6039.689 1915.155 4704.363
1435265 2564287 1571.295 1219.56
| 4006.104 7994.156 3872.258 BB59.535
| 671.2763 3318.277 807.9208 1983.314
2622699 1367.091 275856 43.64889
8364.031 12353.06 8229.223 11018.06

’a)m‘m’w‘m‘mth<m}mt—‘

Figure 21: Data arranged in aains and rows

In data warehouses and data sets, rove®metimeseferred to asbservations examplesor
cases and columns asometimes calledriablesor attributes. For purposesf consistencin
this book, we will use the terminologylaservdions for rowsandattributes for columns It is
important to note that RapidMiner will use the texarnp/esfor rows of data, so keep this in

mind throughout the rest of the text.

A databaseis an organized grouping of information within a specifictige. Database
containers, such as the one pictured in FijRreare callethblesin a database environment.
Most databases in use todayeeational database8 they are designed using many tables which
relate to one another in a logical fashi@Relational databases generally contain dozens or even
hundreds of tables, depending upon the size of the organization.

16



Chapter 20rganizational Understanding and Data Understanding

Owner IDDOwner Name
1 Jim
2 Joan

Pet ID Pet Name (Owner ID
Fifi
Butch
Clover
Animal
Tank

M || —
el el 12 B W |

Figure 22: A simple database with a relation between twa tables

Figure 22 depicts a relational database environment with twa talilesfirst table contains
information about pet owners; the second, information about pets. The tables are related by
single column they have in common: Owner_ID. By relating tables to one another, we can red
redundancy of data and improve dadalperformance. The process of breaking tables apart anc
thereby reducing data redundancy is cailedalization.

Most relational databases which are designed to handle a high number of reads and writes (up
and retrievals of information) areeredéd to a©L TP (online transaction processingpystems.
OLTP systems are very efficient for high volume activities such as cashiering, where many it
are being recorded via bar code scanners in a very short period of time. However, using Ol
databasefor analysis is generally not very efficient, because in order to retrieve data from multi
tables at the same time, a query containing joins must be wrigieery i& simple a method of
retrieving data from database tables for viewing. Quenesialigvritten in a language called
SQL (Structured QueryLanguag e ; ps ® aq w Benatige d is ot very useful to only
guery pet names or owner names, for example, wpmugto or more tables together in order

to retrieve both pets and ows@t the same time. Joining requires that the computer match the
Owner_ID column in the Owners table to the Owner_ID column in the Pets table. When table
contain thousands or even millions of rows of data, this matching process can be very intens

ard time consuming on even the most robust computers.

For much more on database design and managerieetk out geekgirls.com:

(http://www.geekdirls.commenu databases.Dtm

17
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In order to keep our transactional databases running quickly and smoothjyywsé toacreate

a data warehouse. data warehouses a type of large database that has been denormalized and
archived. Denormalization is the process of intentionally combining some tables into a single
table in spite of the fact that this may intredduplicate data in some columns (or in other words,
attributes.

Pet ID Pet Name |Owner Name
1 Fifi Joan
2 Butch Jim
3 Clover Joan
4 Animal Jim
5 Tank Jim

Figure 23: A combination of the tables into a single data set

Figure2-3 depicts what owsimpleexample data might look like if it were in a data warehouse.
When we design databasethis way, we reduce the number of joins necessary to query related
datathereby speeding up the process of analyzing our data. Databases designed in this manner are

calledOLAP (online analytical processinggystems.

Transactional systems and analysigstems have conflicting purposes when it comes to database
speed and performance. For this reason, it is difficult to design a single system which will serve
both purposes. This is why data warehouses generally contain archivedhiatd. dataare

data that haebeen copied out of a transactional database. Denormalization typically takes place at
the time datarecopied out of the transactional system. It is important to keep in mind that if a
copyf the data is made in the data warehouselatfa may become @itsynch. This happens

when a copy is made in the data warehous¢handater,a change to the original record
(observation) is made in the source dataldaata mining activities performed on-@usynch
observations may lsegss, or worsenisleading. An alternative archiving method would be to
movée he data out of the transacti onaodfsyxly,st em. T
however, it also makes the data unavailable should a user of the transactionaldsisteewnee

or update it.

A data setis a subset of a database or a data warehouse. It is usually denormalized so that only

one table is used. The creation of a data set may contain several steps, including appending or
combining tables from source dasabi@bles, or simplifying some data expressions. One example

of this may be changi DEC-2a0 ORa t1le?2/:t2ilme5 6fo0 rtnoa to6 1f2r/ olng
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latter date format is adequate for the type of data mining being performed, it would make sens
simplify theattributecontaining dates and times when we create our data set. Data sets may
made up of a representative sample of a larger set of dlaéy,nosy contain all observations

relevant to a specific group. We will discuss samptimgdsn@nd practices in Chapter 3

TYPES OF DATA

Thus far in this texy; o u i@ad @bout some fundamental aspects of data which are critical to th
di scipline of data mining. But wearehangte n ot
come from. In essence, there are really two types of data that can beopenatibnal and
organizational

The most elemental type of data, operational data, comes fromdraisysiems which record
everylay activities. Simple encounters like buyingngaswiaking an online purchase, or
checking in for a flight at the airport all result in the creatiopechtional data. The times,
prices and descriptions of the goods or services we have purchased are all recorded.
information can be combinedardata warehouse or may be extractertlgimgto a data set from
the OLTP system.

Often times, transactional data is too detailed to be of mydr tise detail may compromise

i ndi vi du dnngidy inptancey, gozeynment, academic-rqwdfit organizations may
create data sets and then make them available to the public. For example, if we wanted to ide
regions of the United States which are historically at high risk for influenza, it would be difficult
obtain permission and tolleet doctor visit records nationwide and compile this information into
a meaningfulata setHowever, théJ.S.Centers for Disease Control and Prevention (CDCP), do
exactly that every year. Government agencies do not always make this informatisglyimmedie
available to the general public, but it often can be requested. Other organizations create s
summary data as wel | . The grocery store
necessarily want to analyze records of individual canensf lgeans sold, but they may want to
watch trends for daily, weekly or perhaps monthly t@af¢mnizational datasets can help to

pr ot e c tprivaay, avhile stk gyoving useful to data miners watching for trends in a given
population.
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Another tyg of data often overlooked within organizations is something called a data mart. A
data mart is an organizationalata store, similar to a data warehobise oftencreatedin
conjunctionwith business unds n e e d s, suchnas Krketing orCustomerService, for
reporting and management purposd3ata martsare usually intentionally created by an
organization to be a type of estep shop for employees throughout the organization to find data
they might be looking for Data marts may contain wondedata, prime for data mining
activities, but they must keown current, and accurate to be usefiiley should also be well

managed in terms of privacy and security.

All of these types of organizational data carry with them some concern. Because they
secondary, meaning they have been derived from other more detailed primary data sources, they
may lack adequate documentatsord the rigor with which they were creataa behighly

variable Such data sources may also not be intended for giestiglpakidn, and it is always wise

to ensure proper permissisnobtainedefore engaging in data mining activitreany data set
Remember, simply because a data set may have been acquired from the Internet does not mean it
is in the public domaiard simply because a data set may exist within your organization does not
mean it can be freely mined. Checking with relevant managers, authors and stakeholders is critical

before beginning data mining activities

A NOTE ABOUT PRIVACY AND SECURITY

In 20@B, JetBlue Airlines supplied more than one million passenger records to a U.S. government
contractor, Torch Concepts. Torch then subsequently augmented the passenger data with
additional information such as family sizes and social security iunfberstion purchased

from a data bicer called Acxiom. The data wetended for a data mining project in order to
develop potential terrorist profiles. All of this was done without notification or consent of
passengers. When news of the activities gobwatvér, dozens of privacy lawsuits were filed
against JetBlue, Torch and Acxiom, and several U.S. senators called for an investigation into the

incident.

This incident serves several valuable purposes for this book. First, we should be aware that as we
gather, organize and analyze data, there are real people behind the figures. These people have

certain rights to privacy and protec@gainscrimes such as identity theft. We as data miners
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have an ethical obl i gat iso mhistremuirgs rthe uteastt card ih e
terms of information securitysimply because a government representative or araskst for

data does not mean it should be given.

Beyond technological security however, we must also consider our moral dbli¢jadiem
individuals behind the numbers. Recall the grocery store shopping card example given at
beginning of this chapter. In order to encourage use of frequent shopper cards, grocery stc
frequeniy list two prices for items, one with use ofddel and one without. For each individual,
the answer to this question may vary, however, answer it for yourself: At what pupeazark

the grocery store crossed an ethical line between encouraging consumers to participate in frec
shopper progras) and forcing them to participate in order to afford to buy groceries? Again, you
answer wil | be uni que fr om sechnoralpidigationirhnond e v e

when gathering, storing and mining.data

The objectives hoped for thugh data mining activities should never justify unethical means of
achievement. Data mining can be a powerful tool for customer relationship manageme
marketing, operations management, and production, however in all cases the human element
be keptsharply in focus. When working long hours at a data mining task, interacting primari
with hardware, software, amambersit can beeasy to forgetbout the peoplend therefore it is

so emphasized here.

CHAPTER SUMMARY

This chapter has introducgdu to the discipline of data mining. Data mining brings statistical
and logical methods of analysis to large data sets for the purposes of describing them and
them to create predictive models. Databases, data warehouses and data setseakendt oniq
digital record keeping systems, however, they do share many similarities. Data mining is gene
most effectively executed on data data esdtacted fromOLAP, rather than OLTP systems.
Both operational data and organizational datadpragood starting points for data mining
activities, however both come with their own sdba¢ may inhibit quality data mining activities.
These should be mitigated before beginning to mine the data. Finally, when mining data, i
critical to rememieghe human factor behind manipulation of numbers and figures. Data miners
have an ethical responsibility to the individuals whose lives may be affected by the decisions
are made as a result of data mining activities.
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REVIEW QUESTIONS

1) What s datanining in general terms?
2) What is the difference between a database, a data warehouse and a data set?
3) What are some of the limitations of data mining? How can we address those limitations?

4) What is the difference between operational and organizaitafaMihat are the pros and

cons of each?
5) What are some of the ethical issues we face in data mining? How can they be addressed?
6) What is meant by cof-synch data? How can this situation be remedied?

7) What is normalization? What are some reasons iwlaygood thing in OLTP systems,

but not so good in OLAP systems?

EXERCISES

1) Design a relational database with at least three tables. Be sure to create the columns

necessanyithin each table to relate the tatdesne another.

2) Design a data warelse table with some columns which would usually be normalized.

Explain why it makes sense to denormalize in a data warehouse.

3) Perform an Internet search to find information about data security and privacy. List three
web sites that you found that pr@ddnformation that could be applied to data mining.

Explain how it might be applied.

4) Find a newspaper, magazine or Internet news article related to information privacy or

security. Summarize the article and explain how it might be related to data minin
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5) Using the Internet, locate a data set which is available for download. Describe the data
(contents, purpose, size, age, etc.). Classify the data set as operational or organizati

Summarize any requirements placed on individualsayheishto use the data set.
6) Obtain a copy of an application for a grocery store shopping card. Summarize the type

data requested when filling out the application. Give an example of how that data may .

in a data mining activityVhat privacy concernssairegarding the data being collected?
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CHAPTER THREE:
DATA PREPARATION

CONTEXT AND PERSPECT IVE

Jerry ishemar keting manager for a small Il nterne
him to develop a data set containing information &feubhet users. The company will use this
datato determine what kinds of people are using the Internet and how the firm may be able

market their services to this group of users.

To accomplish his assignment, Jerry creates an online survey atidkgldoethe survey on
several popular Web sites. Within two weeks, Jerry has collected enough data to begin analysi
he finds that his data needs to be denormalized. He also notes that some observations in the
are missing values or they appmeaontain invalid values. Jerry realizes that some additional work
on the data needs to take place before analysis begins.

LEARNING OBJECTIVES

After completing the reading and exercises in this chapter, you should be able to:
1 Explain the concept apairpose of data scrubbing
1 List possible solutions for handling missing data
1 Explain the role and perform basic methods for data reduction
9 Define and handle inconsistent data

1 Discuss the important and process of attribute reduction

APPLYING THE CRISP D ATA MINING MODEL

Recallfrom Chapterl that the CRISP Data Mining methodology requires three peésany
actual data mining models are constructed. In the Context and Perspective paragraphs above,
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has a number of tasks before him, each of vidllahto one of the first three phases of CRISP.

First, Jerry must ensure that he has developed @rgjaaizational Understanding. What is

the purpose of this project for his employer? M/Imesurveying Internet users? Which data

points are impdant to collect, which would be nice to have, and which would be irrelevant or
even distracting to the project? Once the data are collected, who will hate taecdata set

and through what mechanisms? How will the business ensure privacyaddraétkdf these

guestions, and perhaps others, should be answered before Jerry even creates the survey mentioned

in the second paragraph above.

Once answered, Jerry can then begin to craft his sureyis wherdata Understanding

enters the processWhat database system will he use? What survey software? Will he use a
publicly avail abl eaconmertial pradkae sorBethmy homegrownk &y E |

he uses publicly available tool, how will he access and extract data for miniegRusEahis

third-party to secure his data and if so, why? How will the underlying database=b2 &ékan

mechanisms will be put in place to ensure consistency and integrity in the data? These are all
guestions of data understanding. An easy exampof ensuring consistency m
home city were to be collected as part of the data. If the online survey just provides an open text

box for entry, respondents could put just about anything as their home city. They might put New

York, NY, N.Y., Nwe York, or any number of other possible combinahchsgling typas This

could be avoided by forcing users to select their home city from a dropdown menu, but
considering the number cities there are in most countries, that list coulddpgalnhadeng! So

the choice of how to handle this potential data corsigtenp r o bl em | shviBusornecessar i
easy one, and this is just one of many data points to be collectednowaiktai@or @ountrnd

may be reasonable to consttaira dopdown,&itydmay have to be entered freehand into a

textbox, with some sort of data correction process to be applied later.

The o6l aterd would come once the survey has beer
collected. With the data in platte, third CRISIDM phaseData Preparation can begin.If

you havendt i nstalled OpenOffice and Rapi dMiner
examples given in the rest of the book, now would be a good time to go ahead and install these
applications. Remember that both are freely available for download and installation via the

Internet, and the links to both apptions are given irh@pterl. We 6 | | begin by doing
preparation in OpenOffice Base (the database application), OpenOffidheCajre@dsheet

application), and then move on to other data preparation tools in RapidMiner. You should
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understand that the examples of data preparation in this book are only a subset of possible
preparation approaches.

COLLATION

Suppose that thd at abase underlying Jerryds I nt ern
screenshot from OpenOffice Base in Figte 3

-
9 DataMiningForTheMasses.odb : DataMiningForTheMasses - OpenOffice.org B

Eile Edit View Insert Tools Window Help

‘H B B,

ﬁ tbiRespondents E;‘f thiResponses
? Person_ID 1 F Person_ID

Gender Years_on_Internet

Race Hours_Per_Day

Birth_Year Preferred_Browser

Marital_Status Preferred_Search_Engine
Preferred_Email
Read_Mews

Online_Shopping
Online_Gaming
Facebook

Twitter
Other_Social_Metwork

Figure3-1: A simple relational (oteeone) database for Internet survey.data

This design would enable Jerry to collect dat# abople in one table, and data about their
Internet behaviors in another. RapidMiner would be able to connect to either of these tables

order to mine the responses, but what if Jerry were interested in mining data from both table:
once?

One simpe way to collate data in multiple tables into a single location for data mining is to creat
databaseiew A view is a type of pseudable, created byriting a SQL statement which is
named and stored in the databdsgure 2 shows the creatiorf a view in OpenOffice Base,
while Figure-3 shows the view in datasheet view.
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S D db : Viewl - OpenOffic Base: View Design - - - - o e |
File Edit View Insert Tools Window Help s
| & wc d@%, - FEDY.
E tblRespondents E thlResponses
@ Person D
Gen
Race
Birth Vear
Marital_Status
Field Gender Race Birth Vear Marital Status ~ Vears_on Intemet Hours Per Day Preferred Browser |Preferred Search Engine Preferred Email Read News  Online Shopping Online Gaming Facebook — Twitter Other_Social Network =
Alias
Table
Sort
Visible
Function
£ vwinternetUser - DataMiningForTheMasses - OpenOffice.org Base: Table Data View ‘ SRR X
File Edit View Inset Tools Window Help &
Bs 2 LRV &
Gender | R | Birth Year | Marital Status | Years on Intemet | Hours Per Day | Prefemed Browser | Prefemed Search Engine | Preferred Email | Read News | Online Shopping | Online Gaming | Facebook | Twitter | Other Social Network
[ b M White 1972 M 3 1 Firefox Google Yahoo v N N v N
M Hispanic 1981 s 14 2 Chrome Google Hotmail v N N v N
_F Aftican American 1977 s 6 2 Firefox Yahoo Yahao v Y \ N
IF White 1961 D s 6 Firefox Google Hotmail N Y N N Y
M White 1954 M 2 3 Interet Bplorer | Bing Hotmail v ¥ N \ N
[ m Afric D 15 4 Internet Expl Google Yah v N v N N
L Afric D bE ] 2 Firef Goagle Yzh Y \ Y LinkedIn
M Whit s 2 E] Internet Explar Yahoo Yah v \ % LinkedIn
_F Afi M 6 2 Firef Google Gmail N Y N N N
M Whit s 12 1 Saf Yahoo Yah v v \ N MySpace
|F Hisp: D 12 5 Chrom Googl Gmail v N N v N Google~

Figure 33: Results of the view from Figus2 B datasheet view.

The creation of views is one way that data frafa@onal database can be collated and organized
in preparation for data mining activities. In this example, although the personal information in the
ORespondent sd t eehird the database it Is Wisplayed foreeach reaord in the
0 €sponss table, creating a dasat that is more easily mined because it is both richer in

information and consistent in its formatting.

DATA SCRUBBING

In spite of our very best efforts to maintain quality and integrity during data collection, it is
inevitab¢ that some anomalies will be introduced into our data at some point. The process of data
scrubbing allows us to handle these anomalies in ways that make sersetierresnainder of

this chapter, we will examine data scrubbing in four differenthaagling missing dateducing

data(observationshandling inconsistent data, and reduatitndputes
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HANDS ON EXERCISE

Starting now, anditoughout the next chapters of this book, there will be opportunities for you to
put your hands on your coatpr and follow along. In order to do this, you will need to be sure
to install OpenOffice and RapidMiner, as was discussed in the Aeblixda about Toois
Chapter 1. You wi || al so need to have an
web site, where copies of all data sets used in the chapter exercises are available. The comf
web site is located at:

https://sites.google.com/site/dataminingforthemasses/

& Data Mining for the Masses =REN X
« + https://sites.google.com/site/dataminingforthemasses/ a8 ¢ | |Q- Google B' ﬁ‘
|
& [0 2 Yahoo! YouTube

Data Mining for the Masses

B A
RapidMiner
)| [ KD Muggets

This web site is designed to serve as a repository for all data sets referred to in Data Mining for the Masses, a
textbook by Dr. Matt North. The book is available on Amazon.com, ISBN: . Questions regarding the book, the data
sets, or other matters can be directed to Dr. Morth.

All data sets are available in the list below. They are organized according to their corresponding chapters in the
book. All are in comma separated values format in order to ease portability and usability. To download a data set,
simply click on the down arrow to the far right of the file name.

= - N

n Chapter3DataSet.csv (k) Matt Morth, Jul 12, 2012 11:38 AN Al L !

Sign in | Report Abuse | Print Page | Remove Access | Powered By Google Sites

Figure 34. Data Mining for the Ma@ssepanion web site.

You can download the Chapter 3 dataveath is an export of the view created in OpenOffice
Basefrom the web site by locating it in the list of files and then clicking the down arrow to the fa
right of the file name, as indicated by the black arrows in FguYeB may want to consider
creating a folder | abeled O6data miningd6 oi
datd more files will be required and created as we contimuglihthe rest of the book,
especially when we get into building data mining models in RapidMiner. Having a central plac
keep everything together will simplify thiraged upon your first launch of the RapidMiner
software, youdol b beppsomptgd B0 Cct éatOacegoo
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youdve downl oaded the Chapter Bow tbhandle asdet , y ouod
prepare data for mining in RapidMiner.

PREPARING RAPIDMINER , IMPORTING DATA, AN D

HANDLING MISSING DA TA

Our first task in data preparation is to handle missing data, however, because this will be our first
time using Rapi dMiner, the first few steps wild/l
straight into handling missing datéissing data aredata that do not exist a data setAs you

can see in FiguB5, missing data is not the same as zero or some other value. Itis blank, and the

value is unknown. Missing date also sometimes known in the database worltulas

Depending oryour objective in data mining, you may choose to leave missing data as they are, or

you may wish to replace missing data with some other value.

) vwintemetUser - DataMiningForTheMasses - OpenCffice.org Base: Table Data View | ==

File Edit View Insert Tools Window Help &

2R v =
| Birth_Year | Marital Status | Years_onntemet | Hours PerDay | Preferred Browser | Preferred_Search Engine | Preferred Email | Read News | Online_Shopping | Online_Gaming | Facebook | Twitter |Other_Social Network|

1972 8 Firefox Google Vahoo

LinkedIn
Linkedin

] 1081
rican | 1977
1961
1954
can 1982
rican 1081
19717
rican 1969

14
6

2
15
1
3
6

EEEEEES
<
CEEREE

NEHEHEERNE

zuoozonez
FEIEEIEIGEE
FR5i9¢93
g
EIR
Iz
33
z< <<=z <<<
< <z<<<z=z
z<<z<z=<=<<
zg=<zz<zzz

PN
Figure 3. Some missing datéthin the survey data set

The creation of views is one way that data drosfational database can be collated and organized

in preparation for data mining activities. In this examplelatabase view has missing data in a
number of its attributes. Black arrows indicate a cdupkese attributes in Figuré&above. In

some instances, missing data are not a problem, they are expected. For example, in the Other
Social Network attribute, it is entirely possible that the survey respondent did not indicate that they
use social nebrking sites other than theesnproscribeth the survey. Thus, missing data are
probably accurate and acceptable. On the other hand, in the Online Gaming attribute, there are
answers of either 6YO06 or O6NO, indicating that t
online gaming. Buwthat do the missing, or null values in this attribute inditasa’hknown to

us. For the purposes of data mining, there are a number of apéitable for handling missing

data.

To learn about handling missing data in RapidMiner, follow teebstew to connect to your
data set and begin modifying it:
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1) Launch the RapidMiner application. This can be done by double clicking your deskic
icon or by finding it in your application meiiihe first time RapidMiner is launched, you
will get the mesga depicted in Figures3 Click OK to set up a repository.

4| Create Initial Repository @

e You do not have a RapidMiner repository defined. This might be because
i you are starting RapidMiner for the firsttime. In the next dialog, please select
l\_/ a directory to install a local repository and use this repository to store all your
data and processes. Only for data and processes stored in the repository
will you be able to use all RapidMiner features, foremost the new meta data

transformation rules.
(o]
L

Figure3-6. The prompt to create an initial data repository for RapidMiner to use.

2) For most purposes (and for all examples in this book), a local repository will be sufficier
Click OK to @cept the default option as depicted in Figite 3

l [—
Enter parameters to create a new local or remote repository.

) New remote repository

[y e=

Figure 37. Setting up a local data repository.

3) In the example given in Figul83 we have named our r epos
pointed it to our data folder, RapidMiner Data, which is fourmdioR: drive. Use the
folder icon to browse and find the folder or directory you created for storing your
RapidMiner data sets. Then click Finish.
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% Enter parameters to create a new local or remote repositary.

Alias: [RapidMinerBook ]

Root directory: [E:‘.RapidMinerData l f:

LEDE ==

Figure 33. Setting the repository name and directory.

4) You may get a notice that updates are availathies is the case, go ahead and accept the
option to update, where you will be presented with a window similar to fgdreks
advantage of the opportunity to add in the Text Mining m{iddieaed by the black
arrow), since @apter 12 will dealith Text Mining Double click the check box to add a
green check mark indicating that you wish to install or update the module, then click

Install.
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#¥ Update RapidMiner &J

Select components to install and update below. In the preferences, you
k.

can select whether extensions are installed globally (default) or in the
user's home directory. Updates to RapidMiner will always be installed

globally. Any global update requires administrator privileges, both during
the update and the subsequent restart.

Available Updates

is up to date.

O Weka Extension 5.1.1 |
Mot installed
o Parallel Processing 5.1.0
Mot installed
ﬁ 4 Text Processing 5.2.3
'~ Notinstalled

a Z=) Web Mining 5.2.0
L ot installed k2

Description

Text Processing

5.2.3, released Jun 14, 2012, 16.9 MB
Operators for generating word vectors from text collections.

Extension homepage

Total download size: 16.9 MB (This may be less, if incremental updates are possible.)

l WFetcn Bookmarks l l ﬁﬁeledﬁDeselem l l @ Install l l xglose l

Figure 9. Installing updates and adding the Text Mining module.

5) Once the updates and installatiares completeRapidMinemwill openandyour wndow
should look like Figurel®

&%) <new process> — RapidMiner@mnorth-Mac — - B — o e |
File Edit Process Tools View Help
] g > p Y@
@) yelcome

\;8 J r:b[
New Open Recent Open Open Template Online Tutorial

Recent Processes

/RapidMiner/GroceryStore_Process
JRapidMiner/GroceryStore
JRapidMiner/BaseballMNeural
J/RapidMiner/AssociationRules
JRapidMiner/Football_Teximining
/RapidMiner/BaseballDiscrim
JRapidMiner/internetSurveyData
JRapidMiner/Titanic

Figure 310 The RapidMiner start screen.
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6) Next we will need to start a new data mining project in RapidNlmelo this we click

t he i Cc black aarsew in Figdre1® aTheeresulting/wddwh e
should look like Figure1d.

on 6 Newbod

&% <new process> - RapidMiner@mnarth-Mac - SRECEL X

File Edit Process Tools View Help

SETEE I VE®

£ Overview ~ Process = L 2% Parameters
- - i Process » - E S5~ 8 = =3 [ -
ﬁl Process
n res —
randem seed 2001
[& Repositories =0 |
o Operators

4 = T 3 Hel Comment
e e—r Y orme |
(2] Process Control (38) o] s e

23 Utility (43)

1:,_] Repository Access (5) /1, Problems & Log & Process

] Import (28) B No problems found =

(2] Export (19) A problems foun -

(2] Data Transformation (115) Message Fixes Location Synopsis

l’_j Modeling (257) The root operator which is the outer most

1:,_] Evaluation (31) operator of every process.

) Text Processing (48)

1:_,3 Web Mining (14) Description

(2] Series (87)

|’_j Reparting (5) EEEI.'I process mu.sl contain exactly one operator
ofthis class, and it must be the root operator of
the process. This operator provides a set of
parameters that are of global relevance to the
process like logging and initialization

=)

Figure3-11 Getting started with a new project in RapidMiner.

7) Within RapidMiner there are two main areas that hold usefulReptsitories and
Operators These are eesed by the tabs indicated by the black arrow in Figlife 3
The Repositories area is the place where you will connect to each data set you wish to
mine. The Operators area is where all data mining tools are located. These are used to
build models ahotherwise manipulate data s€sck onRepositoriesYou will find that
the initial repository we created upon our first launch of the RapidMiner software is
present in the list.
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&% <new process> - RapidMiner@mnorth-Mac o | G e
-
Eile Edit Process Tools Yiew Help
—~ T S ] &
TEARS ma P N,
£ overview 7 Process SR [E4 Parameters
- » il Process » -0 ES- T 4 B -
ﬁ' Process
inp res —
logfile
resultfile Q
random seed 2001
O Operatars encoding SYSTEM v
| & Repositories
g d - & Help Comment
\fﬂ Samples (non=; [e] S Q
4o
&F RapidMiner (mnzrth /1 Problems o Log 5] Process
& RapidMiner Book (mne
% Mo problems found
Message Fixes Location Synopsis
The root operator which is the outer most
operator of every process.

Description

Each process must contain exactly one
operator of this class, and it must be the
root operator of the process. This
operator provides a set of parameters
that are of global relevance to the
process like logging and initialization

Figure 312 Adding a data set to a repository in RapidMiner.

8) Beause the focus of this book is to introduce data mining to the broadest possibl
audience, we will not use all of the tools available in RapidMiner. At this point, we cou
do a number of complicated and technical things, such as connecting to a rema
erterprise database. This however would likely be overwhelming and inaccessible to m.
readers. For the purposes of this text, we will therefore only be connemtimgnto
separate values (CSVYiles. You should know that most data mining projects
incoporate extremely large data sets encompassing dozens of attributes and thousand
even millions of observations. We will use smaller data sets in this text, but tr
foundational concepts illustrated are the same for large or small data. The Citapter 3 ¢
set downloaded from the companion web site is very small, comprised of only 15 attribut
and 11 observations. Our next step is to connect to this data set. Click on the Impo
icon, which is the second icon from the left in the Repositories anelicaaedby the
black arrow in FigureI®
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% <new process> — RapidMiner@mnorth-Mac SR X

Eile Edit Process Tools View Help

= = B
G ERS AP V2@
£ Overview <~ Process =] 2L [2% Parameters
- =» - & Process » - EIE S~ B 2R~
Eﬁiipmness
P res =

logfile

random seed 2001

. Operators
| & Repositories

[C N 2 & Help Comment
2 & impartcav File. < el B e

- 3} Import Excel Sheet i\ Problems 3 Loy J—

) M,{; Import Access Database Table.
M,{; Import Database Table S N
Mg Impaort Binary File Message Fixes Location ynopsis

The root operator which is the outer most
operator of every process.

% No problems found

Description

Each process must contain exactly one operator
of this class, and it must be the root operator of
the process. This operator provides a setof
parameters that are of global relevance to the
process like l0gging and initialization

lo [ —

Figure 313 Importing a CSV file.

9) You will seeby the black arrow in Figurel3that you can import from a number of
different data sources. Note that by importing, you are bringing your data into a
RepidMiner file, rather than working with data that are already stored elsewhere. If your
data set is extremely large, it may take some time to import the data, and you should be
mindful of disk space that is available to yasidata sets grow, you maybeéer off
using the first (leftmost) icon to set up a remote repository in order to work with data
already stored in other areas. As previously explained, all examples in this text will be
conducted by importing CSV files that are small enough to oiduwkly and easily.

Click on the Import CSV File option.
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#¥, Data import wizard - Step 1 of 5 ﬁ

) / This wizard guides you to import your data.
f r Step 1: Please selectthe file that should be imported.

Lookln:l . Chapter Data Sets 'l & D kP Q Q-
Bookmarks : File Mame Size Type Last Modified
¢ — Last Directory %1 1KB Microsoft Excel C... Jul 12, 2012

File Name: [ChapterSDataSet.csv

Files of Type: [Delimiterseparatedﬂles 'l

[ D) [P | [

Figure 314. Locating the data set to import.

10)When the data import wizard opens, navigate to the folder where your data set is stor
and select the file. In this example, only one fisitde: the Chapter 3 data set

downloaded from the companion web site. Click Next.

&% Data import wizard - Step 2 of 5 @
) / This wizard guides you to import your data.
f r Step 2: Please specify how the file should be parsed and how columns are separated.
File Reading Column Separa“:/
File Encoding [windows-1252 v] Comma“~” Space
&) Semicolon ™" Tab
[ Trim Lines
Regular Expression [,\s*l;\s* ]
Skip Comments [# l
Escape Character for Seperator: [\ ]
Use Quotes [ ]
att1
Gender,Rac =
M, White,197.
M Hispanic,”
F African Am
F,\White, 196"
I mwhite, 195
M African A
M African A
M, White, 197
F African Am l
M, White,198 =
< >
Row, Column Error Original value Message
l @Erevious l l l#ﬂext l l l l x Cancel l

Figure 315. Configuring attribute separation.
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11)By default, RapidMiner looks for semicolons as attribute separators in our data. We must

change the column separata@limiter to be Comma, in order to be able to see each

attribute separated correctiilote: If your data naturally contain commas, then you

should be careful as you are collecting or collating your data to use a delimiter that does

not naturally occur ithe data. A semicolon or a pipe (|) symbol can often help you avoid

unintended column separation.

l QEErevious l l Ebﬂext l

&% Data import wizard - Step 2 of 5 [&J
i '_ This wizard guides you to import your data.
f‘ r Step 2: Please specify how the file should be parsed and how columns are separated.
File Reading Column Separation
File Encoding [windows—1252 v] Comma’,” Space
Semicolon ™" Tab
[] Trim Lines '
Regular Expression [I ]
[+] Skip Comments [#
Escape Character for Seperator: [\ ]
[+] Use Quotes [ ]
att1 att2 att3 attd att5 atte att7 attd att9 att10 att1
Gender Race Birth_Year | Marital_Stat. Years_on_Ir Hours_Per_ Preferred_Bi Preferred_3 Preferred_EiI Read_MNews Online]
M White 1972 M 8 1 Firefox Google Yahoo Y M
M Hispanic 1881 3 14 2 Chrome Google Hotmail Y M
F African Amer 1977 S i 2 Firefox Yahoo Yahoo Y Y
F White 1961 D 8 g Firefox Google Hotmail M Y
0w White 1954 M 2 3 Internet Expl Bing Hotmail Y Y
M African Amer 19382 D 15 4 Internet Expl Google Yahoo Y M
M African Amer 1981 D 11 2 Firefox Google Yahoo Y
M White 1977 3 3 3 Internet Expl Yahoo Yahoo Y
F African Amer 1969 M i} 2 Firefox Google Gmail M Y W
] White 1987 S 12 1 Safari Yahoo Yahoo Y
Row, Column Error Original value Message

Figure 316 A preview of attributes separated into columns

with the Comma option selected.

12)Once the preview shows columns for each attribute, clitk Nigte that RapidMiner has

treatedour attribute names as if they @ue first row of datagr in other wordspur first

observation. To fix this, click the Atatan dropdown box next to this row and set it to

Name, as indicated in Figureld Withthe attribute names designated correctly, click

Next.
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r 5
&% Data import wizard - Step 3 of 5 I.&J

his wizard guides you to import your data.

f_ Step 3: In RapidMiner, each aitribute can be annotated. The mast important annotation of an attribute is its name - a row with this
4 annotation defines the names of the altributes. If your data does not contain attribute names, do not set this property. If further
annotations are contained in the rows of your data file, you can assign them here.
Annotation att1 att2 att3 att4 atts atts att7 atts att att1
h] Gender Race Birth_Year  Marital_Stat. Years_on_Ir Hours_Per_ Preferred_Bi Preferred_S Preferred_EI Read_[
M White 1972 M 8 1 Firefox Google Yahoo Y
Name M Hispanic 1981 5 14 2 Chrome Google Hatmail Y
Comment ¢ African Amer 1977 S 6 2 Firefox Yahoo Yahoo Y
Unit F White 196 D 8 b Firefox Google  Hotmal N
- M White 1854 M 2 3 Internet Expl Bing Hotmail Y
- M African Amer 1982 D 15 4 Internet Expl Google Yahoo Y
- M African Amer 1981 D 11 2 Firefox Google Yahoo
- M White 1977 3 3 3 Internet Expl Yahoo Yahoo Y
- F African Amer 1969 M B 2 Firefox Google Gmail M
- ] White 1987 S 12 1 Safari Yahoo Yahoo Y
- F Hispanic 1959 D 12 5 Chrome Google Gmail Y

l @Erevious l l E}ﬂext ]

Figure 317. Setting the attribute names.

13)In step 4 of the data import wizard, RapidMiner will take its best gudagaatypefor
each attributeThe data type is the kind of data an at&ibotds, such as numeric, text or
date. These can be changed in this screen, but for our purposes in Chapter 3, we w
accept the defaults. Just bel ow ealeh a
for each attribute to play. By defaallt,columns are imported simply with the role of
attributed, however we can change thes
a specific role in a data mining model that we will create. Since roles can be set wit
Ra p i d Mnain procéssvindow when building data mining models, we will accept the
default of Oattributed whenever we i mpo
note that the check boxes above each attribute in this window allowngbinpmrt
some of thetat r i butes i f you dondt want to.
checkbox. Again, attributes can be excluded from models later, so for the purposes of t
text, we will alwayacludeall attributes when importing data. All of these fursctom
indicated by the black arrows in Figul8.3Go ahead and accept these defaults as they

stand and click Next.
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8% Data import wizard - Step 4 of 5 @

This wizard guides you to import your data.

f/ Step 4: RapidMiner uses strongly typed altributes. In this step, you can define the data types of your altributes. Furthermore,
. RapidMiner assigns roles to the altributes, defining what they can be used for by the individual operators. These roles can be also
defined here. Finally, you can rename aitributes or deselectthem entirely.

Preview uses only first 100 rows. Date forry/\ : ] vl

[Gender "Race "Elirth_‘r’ear "I‘darital_statll[Years_on_lr"Hours_F'er_"F'referred_ElHF’referred_S"F’referred_E"Read_News"Online_:
{binomi... v"pol\,rno... v"imeger v"polyno... v“integer v"integer v"polyno... v“poly’no... v"polyno... v"binomi... v"binomi..

[[anribute] v"[mribute] '"[mribute] v"[mribute] v“[mribute] v"[mribute] 'l[[anribute] v“[mribute] '"[mribute] 'l[[anribute] vl[[at‘lribute

[ ‘% Reload data l l (?3;‘:; Guess value types

M White 1972 M g 1 Firefox Google Yahoo Y N A

M T Hispanic 1881 3 14 2 Chrome Google Hotmail Y M v

9 Derrors. lgnore errors || Show only errors
Row, Column Error Original value Message

() () [ o | (o

Figure 318. Setting data types, roles and import attributes.

14)The final step is tohoose a repository to store the data semdntoagive the data set a
name within RapidMiner. In Figurd® we have chosen to store the data set in the
RapidMineBook repository, and given it thame Chapter3. Once we cliakigh, this

data set will become available to us fptyge of datanining process we would like to
build upon it.

-

.
8% Data import wizard - Step 5 of 5 Iﬁ

/ This wizard guides you to import your data.
f r Step 5: Please specify a repository location.

I:ﬂ Samples (non=
3 oe
&F RapidMiner (mnorth

L gdRanidiiiner Book Ry

Name |chapters — ]

Location #RapidMiner Book/Chapter3

(e[| (P 3 o

Figure 319. Selecting the repository and setting a data set name
for our imported CSV file.
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15)We can now see that the data set is available for use in RapidMiner. To begin using it
RapidMiner datmining process, simply drag the data set and drop itNfathErocess
window, as has been done in Figt286.3

&% <new process*> — RapidMiner@mnarth-Mac O | B ||
File Edit Process Tools View Help
L] i N F @
TERS sa P SIEK S
40 Owerview 6'; Process = EML %’ Parameters
o = B Process » F-PEIE L8 » e e B~
{g] Retrieve
q- repository entry Book/Chapter3
1" inp res
o -t res
@ aut )
e/

i Operators /

| &l Repositories

B d-9 & Help Comment
2 4 -9
\fﬂ Samples (none; e lg g
2 oB
&¥ RapidMiner jmno /1 Problems @ Log Qg‘j Retrieve
[ <% Rapidiner Book (mno :
£ (mnrth - v{, 713112 11:29 4 S one potential protlem
Message Fixes Location SynopS|s
/i Parameter repository entry’ accesses a repository & No quick fix available {8 Retrieve Reads an object from the data repository.
Description

This operator can be used to access the
repositories introduced in RapidMiner 5

It should replace all file access, since it
provides full meta data processing, which
eases the usage of RapidMiner a lot. In
contrastto accessing a raw file, it will
provide the complete meta data of the

Figure 20. Adding a data set to a process in RapidMiner.

16)Each rectangle in a process in RapidMineroperator. The Retrieve opsor simply
gets a data set and makes it available for use. The sroatlldmlbn the sides of the
operatorand of the Main Process windawe callegorts. In Figure 20, an outpuio}
port from our data s et Owsresitadidspor viaasplog er a
The spling combined witithe operators connected by them, constitute a data mining
stream To run a data mining stream and see the results, click the blue, triangular Pl
button in the toolbar at the top of theg&dMiner window. This will change your view
from Design Perspective which is the view pictured in Figur@03where you can
change your data mining streamR&sults Perspective whi ch shows vy
results, as pictured in Figur213 When youtit the Play button, you may be prompted to
save your procesmd you are encouraged to do BapidMiner may also ask you if you
wish to overwrite a saved process each time it is run, and you can select your preferenc
this prompt as well.
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&% <new process™> — RapidMiner@mnorth-Mac l 2 | B S|

Eile Edit Process Tools View Help

i = B &
IRy > 4 NE®
2 Result Overview | & ExampleSet (Retrieve)
- £
Meta Data View Data View Plot View Advanced Charts Annptations (=] l_J} - U Bepoaiioes
8 4-9
ExampleSet (11 examples, 0 special altributes, 15 regular altributes) Ej - 4 L'g
Ij Samples (nene
Role Name Type Statistics Range Missings |J§ DB

regular Gender binominal mode =M (7), least=F (4 M (7), F (4} 0 r-’ RapidMiner (mne

regular Race polynominal mode = White (5), least = White (5}, Hispanic (2), At 0 B &7 Ffpid'“"”e’ Book (mnorth il
regular Birtn_Year integer avg = 1972727 +- 10.743 [1954.000, 1967.000] 0 8 R
regular Marital_Status polynominal mode =S (4), least=M (3 M (3),S(4),D (4) 0

regular Years_on_Internet integer avg=8.818 +-4332 [2.000 ; 15.000] 0

regular Hours_Per_Day integer avg = 2.818 +~ 1.601 [1.000; 6.000] 0

regular Preferred_Browser polynominal maode = Firefox (5), least = Firefox (), Chrome (2), Int 0

regular Preferred_Search_Engine polynominal mode = Google (7), least: Google (7), Yahoo (3), Bin 0

regular Preferred_Email polynominal mode =Yahoo (8), least= Yahoo (6), Hotmail (3), Gn 0

regular Read_News binominal mode =Y (8), least=N (2] Y (8), N (2) 1

regular Online_Shopping binominal mode =Y (5), least=N (4 N (4), Y (5) 2

regular Online_Gaming binominal mode =N (8), least=Y (2 N (), ¥ (2) 3

regular Facebook binominal mode =Y (8), least=N (3] Y (8), N (3) 0

regular Twilter polynominal mode = N (8), least=99 ( N (8),Y(2),99(1) 0

regular Other_Saocial_Melwork polynominal mode = LinkedIn (2), leas' Linkedin (2), MySpace (1), 7

& Log
E & R Systern Manitar
Jul 13, 2012 11:14:46 AM INFO: Connecting to: hitp:/imww myexperiment orgiworkflows xml?num=100
n for result file, using stdout for logging resulis!

Figure3-21. Results perspective for the Chapter3 data set.

17)You can toggle between design and results perspectives using the two icons indicated by

the black arrows in Figur@3. As you can see, there is a rich set of information in results
perspective. Ithe meta dataview, basic descriptive statistics are given. It is here that we
can also get a sense for the number of observations that have missing values in each
attribute of the data set. The columns in meta data view can be stretched to make their
contents more readable. This is accomplished by hovering your mouse over the faint
vertical gray bars between each column, then clicking and dragging to make them wider.
The information presented here can be very hatptidciding where missing data are
located, and what to do about it. Take for example the Online_Gaming attribute. The
results perspective shows us that we have
responses, and three missing. We could useottee or most common response to

replace the missing values. This of course assumes that the most common response is
accurate for all observations, and this may not be accurate. As data miners, we must be
responsible for thinking about each change we make in our data, and whethee or not
threaten the integrity of our data by making that change. In some instances the
consequences could be drastic. Consider, for instance, if the mode for an attribute of

Fel ony Conviction were 0YO0. Woul dhiswe r eal

y

attribute to 06Y0 simply because that i's the
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implications about the persons represented in each observation of our data set would
unfair and misrepresentative. Thus, we will change the missing valuesirnernthe c
example to illustrate how to handle missing values in RapidMiner, recognizing that what
are about to do wondt al ways Inoelertolnae r i i
Rapi dMiner handl e the <change ftionsnam omi s s
Online_Gaming variable, click thesign perspective icon.

&% <new process™> — RapidMiner@mnorth-Mac SRIDN X
File Edit Process Tools View Help
=S = D
TS AP V2@
2 averview 7 Process = ML [E# Parameters
@ @-fHEHS5-8 82 x&-
1% Retrieve
- repository entry iIRapidMiner By
inp res
- -t res
=
g b
84,
| & Repositories
i Operators
o- ¥ RS
= &) Data Transformation (3) M Q 9
) Value Modification (1)
1 Declare Missing Value /1y, Problems o Log Qg‘j Retrieve
= ) Data Cleansing (2) :
++ Replace Missing Values i,‘a, One potential prablem )
i Impute Nissing Values Iessage Fixes Location Synopsis
B Sre"ES ) /1 Parameter repository entry’ accesses a repository... €3 No quickfix available ] Retrieve Reads an object from the data repository.
B Cleansing (1)
>"f| Replace Missing Values (Series Description
This operator can be used to access the
repositories introduced in RapidMiner 5
It should replace all file access, since it
provides full meta data processing, which
eases the usage of RapidMiner alot. In
contrast o accessing a raw file, it will
provide the complete meta data of the
]

Figure 22. Finding an operator to handle missing values.

18)In order to find a tool in the Operators area, you can navigate through the folder tree |
the lower left hand corneRapidMiner offers many tools, and sometimes, finding the one
you want can be tricky. There is a handy search box, indicated by the bleckigtnav
3-22 that allows you to type in key words to find tools that might do what you need. Typ
the wosdibgd into this box, and you wil
for tools with this word in their name. We want to replace missing values, and we can ¢
that within the Data Transformation tool area, inside-arsalralled Value Modifiion,
there is an operator called Replace Mis
Click and hold on the operator name, and drag it up to your spline. When you point yo
mouse cursor on the splitiee splinewill turn slightly bold, indating that when you let
go of your mouse button, the operator will be connected into the stream. If you let go ar
the Replace Missing Values operator fails to connect into your stream, you can reconfig
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your splines manually. Simgligk on theoutport in your Retrieve operator, and then
click on theexaport on the Replace Missing Values oper&xa.stands for example set,

and remember th@&xampled@s the word RapidMiner uses for observations in a data set.
Be sure thexaport from the Rellace Missing Values operator is connected to your result
set(reyport so that when you run your process, you will have output. Your model should
now look similar to FigureZ3.

&% <new process™> — RapidMiner@mnorth-Mac O | B S|
Eile Edit Process Tools View Help
7 [ Prp)
= 5 > ] 2@
L overiew  Process =] Hnil [E2 Parameters
&~ - & Process » @~ % 5418 B8RP % -
++ Replace Missing Values
[ create view
inp res
) —_rg> attribute filter type
Ji% 1
. T [Jinvert selection
&éj o D include special aitributes
L FOY qexa exal)
G
=D
| ¥ Repositories a ) Compatibility level \: 52008
i Operators
N - = @ Help Comment
4’ « |missing IV RS
= _:, Data Transformation (3) @ ‘Q Q
£ & Value Modification (1)
B Declare Missing Value /v, Problems o Log § Replace Missing
£ & Data CI 2
;a eansing (2) % One potential problem Ijjj Values
_ +H Impute Missing Values Message Fixes Location
El E SPE_W(E:!;S (1) o /vy Parameter repository entry’ accesses a repository.. [3 No quickfix available ] Retrieve Synopsis
T Cleansing
”1 Replace Missing Values (Series Replaces missing values in examples.
Description

Replaces missing values in examples. If
avalue is missing, itis replaced by one of
the functions "minimum”, "maximum’,
“average”, and "none”, which is applied to

Figure 223. Adding a missing value operator to the stream.

19)When an oerator is selected in RapidMjnehas an orange rectangle around it. This will
al so enabl e you tarametegor propertiesh ahe Pavametarsgpane r 0 s
is located on the right side of the RapidMiner window, as indicated by thedvatk ar
Figure 3. For this exercise, we have decided to change all missing values in the

Online_Gaming attribute to be O6NG, since th

attribute. To do this, changellsebthatdat tri but
dropdown box appesrallowing you to choose the Online_Gaming attribute as the target
for modification. Next, expand the 6defaul't

cause a Oreplenishment valmtedv loxe t®NG pipre atr hi
Note that you may need to expand your RapidMiner window, or use the vertical scroll bar
on the left of the Parametgrane in order to see all options, as the options change based

on what you have selectea®hen you are finishegour parameters should look like the
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Parameter settings that were changed are highlighted with blac

&% <new process™> — RapidMiner@mnorth-Mac
File Edit Process Tools View Help
SEHES »

POvar\rlew
o
7‘& ‘
}
Ll

| @ Repositaries
£ Operators

e cr—

[ ©5) Data Transfarmation (3)
= 5 Value Modification (1)
_ﬂj Declare Missing Value
B ) Data Cleansing (2)

B
FH Impute Missing Values
B 4 Series (1)
B S Cleansing (1)
’:l Replace Missing Values (Series)

| B
L
B @
(2 U@
~ Process =] L 2% Parameters
- . = 5 Process » - 0EH IS~ 8 B2 x B~
-+ Replace Missing Values
[ create view
inp res
Retieve ——> attribute Online_Gaming hd
@ o [ invert selection
LY Q== exa )
é(:d' o ) [] include special attributes
pre)
columns [} Edit List (0).
—
/+ Problems o Loa
& ( =
% 2potential problems (& Compatibility level [ 5.2.008 2
Message Fixes Location @ Hep =| Comrnent
/v, Parameter ‘repository entry’ accesses a repository -@- Mo quick fix available 'l@ Retrieve @ 'S 9
&3 The mandatory parameter “replenishment value™ is.. i% Setmandatory parame... {{ Replace Missin...
]
ﬁjj Replace Missing Values
Synopsis
Replaces missing values in examples.
Description
Renlaras missina valias in examnlas Ifa

Figure 4. Missing value parameters.

20)You should understand that there are many other options available totheu in

parameters pane.

We will not explore all of them here, but feel free to experiment wi

them. For example, instead of changing a single attribute at a time, you could chang

subset of the attributes in your data set.
power of RapidMiner by trying out different tools and features.

You will learn much abfiexikigy and

When you have you

parameter set, click the play button. This will run your process and switch you to resu

perspective once again. Your results should look like FRfure 3
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~ 5
&% Chapter3 Process — RapidMiner@mnorth-Mac ' = | 5
File Edit Process Tools View Help
B o = [
@ 1 Y V2@
§ Result Overview l:ﬂ ExampleSet (Replace Missing Values) _
©) Meta Data View () Data View () PlotView () Advanced Charts () Annotations B &~ |3 Repositories
- o=
ExampleSet (11 examples, 0 special atributes, 15 regular atiributes) HH~ a3 -
() samples inone
Role Name Type Statistics Range Missings ] % DE
regular Online_Gaming binominal mode =N (9), least=Y (2) N(9) Y (2) 1] RapidMiner (mnartn;
regular Gender binominal mode = M (7), least=F (4) M (7), F (4) 0 & g‘-friap‘d’“‘m'ﬂm
. e T P fl
regular Race palynominal maode = White (5), least=H White (5), Hispanic (2}, Afric 0 & Chapter3_Process (mnortn -
regular Birth_Year integer avg = 1972727 +- 10.743  [1954.000; 1987.000] 0
regular Marital_Status polynominal mode =5 (4), least=M(3) M(3), S(4),D(4) 0
regular Years_on_Internet integer avg = 8.818 +/-4.332 [2.000 ; 15.000] 0
regular Hours_Per_Day integer avg = 2.818 +/- 1.601 [1.000 ; 6.000] 0
regular Preferred_Browser polynominal mode = Firefox (5), least =4 Firefox (5), Chrome (2), Inte 0
regular Preferred_Search_Engine | polynominal mode = Google (7), least= Google (7), Yahoo (3), Bing 0
regular Preferred_Email polynominal mode = Yahoo (6), least=( Yahoo (6), Hotmail (3), Gm: 0
regular Read_News binominal mode =Y (8), least=N(2) Y (8),N(2) 1
regular Online_Shopping binominal mode =Y (5), least=N(4) N(4), Y (5) 2
regular Facebook binominal mode =Y (8), least=N(3) Y (8), N(3) 0
regular Twilter polynominal mode =N (8), least =99 (1) N(8), Y (2),99(1) 0
regular Other_Social_Nelwork polynominal maode = LinkedIn (2), least: Linkedin (2), MySpace (1), C 7
<] >
@ Log
E & B Systern Manitor
=
Jul 13,2012 11:20:01 A
Jul 13, 2012 11:26:02 A
Jul 13,
Jul 13, 2012 Al No e given for result file, using stdout for logging results!
Jul 13, 2C
Jul 13,2012 g initial data.
Jul 13,2012 INFO! results
Jul 13, 2012 11:52:56 AM INFO: Process finished successfully after 0 s k2
&) (I —

Figure 25. Results of changing missing data.

21)You can see now that the Online_Gaming attribute has been moved to the top of our list,
and that there are zero missing values. Click on the Data View radio button, above and to
the left hand side diie attribute listo see your data in a spreadstyget view. You will
see that the Online_Gaming variablWeis now p
have successfully replaced all missing values in that at¥hilein Data View, take
noteof how missing values are annotated in other variables, Online_Shopping for example.
A question mark (?) denotes a missing value in an observation. Suppose that for this
variable, we do not wish tptace the null values with the mode, but rathexy¢haish
to remove those observations from our data set prior to mining it. This is accomplished

through data reduction.

DATA REDUCTION

Go ahead and switch back to design perspective. The next set of steps will teach you to reduce the

number of obseations in your data set through the process of filtering.

1) I n the search box within the Operators tab,

|l ocate the OFilter Examplesd operator, which
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Filter Example operator over and connect it into your stream, right after the Replace

Missing Values operator. Your window will look like Figkie 3

B ) Modeling (1)

&%) Chapter3_Process® — RapidMiner@mnorth-Mac = | B
File Edit Process Tools View Help
= =T B @
IHEY > b VR®
P Ovarview +~ Procass =] wnaL [E7 Parameters
&~ - & Process » @-E L~ 8 ae v B~
53 Filter Examples
7 ip res
,"é | = s | [ invertfilter
i o »
(I
| Retrieve
gj out Replace Missi... = =k
(¥ o 7 b
B'(j:l ari o
pre

= L)

| &l Repositories

T Operators

a Transformation (9)
.y Filtering (9) -
B 5 Sampling (8) /2 Problems
Sample

itial problem
Message Fixes Location @ Help Comment
/2, Parameter ‘repository entry’ accesses a repository @ Mo quick fix available ')gl Retrieve &] S Q

Sample (Stratified)
‘Sample (Bootstrapping)
Sample (Model-Based)
Sample (Kennard-Stol

Split Data
? Filter Examples

E Filter Example Range

Remaove Duplicates .
Synopsis

E1 ) Attribute Weighting (1) This operator only allows examples which

B &) Weka (1) fulfill a specified condition

ﬂvt; W-FilteredAftributeEval
Description

—

Figure 26. Adding a filter to the stream.

2)In the condition c¢cl ass, c le parasneter &tang, ttypa b L

the followingOnline_Shopping=. Be sure to include the periothis parameter string

refers to our attribute, Online_Shopping, and it tells RapidMiner to filter out all

observations where the value in that attribute is mig$irsgs a bit confusing, because

in

DataView in results perspective, missings are denoted by a question mark (?), but wr

entering the parameter string, mi s si

these parameter values in, your scrednaiillike Figure-27.

a7
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&% Chapter3 Process* - RapidMiner@mnorth-Mac | B
Elle Edit Process Tools Wiew Help
o i 1 B @
TGS > b Vo
2 overview +~ Process = xmL [54 Parameters
& -~ - & Process » F-PEIE S~ L 5 rxB-
fﬁ Filter Examples
- condition class attribute_value_filter +
Tl inp res
[ ) res  Parameter string Online_Shopping=
] == | b
A i
I e (] invertfilter
= on —
M Replace Missi... Qe o
(LYY oa ea ? wif)
E"jj‘ ori o
pre
-]
| & Repositories
O Operators
v- al> ¥
(SR ata Transformation (8)
=y Filtering (9) .
B & Sampling (6) /ty Problems o Log
?Samp‘e 7% One potential probl
Sample (Stratified) - LEpEETE Pl
{b Sample (Bootstrapping) Message Fixes Location & Help comment
Sample (Model-Based) 1, Parameter e . -7 — -
ay pository entry’ accesses a repository Mo quick fix available Retrieve
g:samp\en(ennard—smne': @ % L ‘B Q
P split Data
T

? Filter Examples
; Filter Example Range

Remaove Duplicates -

Figure 27. Adding observation filter parameters.

Go ahead and run your model by clicking the play button. In results perspective, you will now see
that your data set has been reduced from eleven observations (or etcampkes) This is

because the two observations where the Online_Shopping attribute had a missing value have been
removed. Youdl I be able to see that theyore
have not been deleted from the original salatz they are simply removed from the data set at

the point in the stream where the filter operator is located and will no longer be considered in any
downstream data mining operations. In instances where the missing value cannot be safely
assumed or oaputed, removal of the entire observation is often the best course of action. When
attributes are numeric in nature, such as with ages or number of visits to a certain place, an
arithmetic measure of central tendency, sucteas, medianor mode might bean acceptable
replacement for missing values, but in more subjective attributes, such as whether one is an online
shopper or not, you may be better off simply filtering out observations where the datum is missing.
(One cool trick you can try in RapidMirgeto use the Invert Filter option in design perspective.

In this example, if you check that check box in the parameters pane of the Filter Examples

operator, you wikeephe missing observations, and filter out the rest.)

Data mining can be confusin and over whel mi ng, especially when

have to be though, if wearmage our data well. The previous example has shown how to filter out
observationgontainingundesired data (or missing data) in an attribute, but we cestatso

data to test out a data mining model on a smaller subset of our data. This can greatly reduce
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processing time while testing a model to see if it will work to answer our quiestiowsthe

steps below to takesampleof our data set in RapidMin

1) Using the search techniquesvpusly demonstrated, use the@tos search feature to
find an operator called 6Sampled and ad
the sample to be to be a 0r ®retwhb0%efous a m
observations in the resulting data set by typintp the sample ratio field. Your window

should look like FigureZs.

3 Chapter3_Process” - RapidMiner@mnorth-Mac = | B |
File Edit Process Tools View Help
=T ] > g@@®
£ Ovenview  Process [ Parameters
& - - & Process » @~ H S~ 8 ne > B~
P sample
N (-
o = e = o es
O @@‘J ws | [ balance data
{ b =~ o - =
i
» 5
= ) (] use local randem seed
Filter Examples ? oib
exa exa 5}
P o
)
Ei Operators | & Repositories
‘- 8» ¥
B <3 Data Transformation (5)
B T Filtering (5)
E- G Sampling (5}
? /3, Problems 3 Log
Sample (Stratified)
? Sample (Bootstrapping) % One potential problem
? Sample (Model-Based) Message Fixes Location @ Help = Comment
 samle (Kennard-Stone) /i Parameter ‘repository entry accesses a repository by n.. @) No quickficavailable () Retrieve 5 2e
 sample
Synopsis
Creates a sample from an example set by drawing a fraction
Description
Simple sampling operater. This operator performs a random
sampling of a given fraction. For example, ifthe input example
setcontains 5000 examnles and the samole ratio is setto 01
[E]

Figure 28. Taking a 50% random sample of the data set.

2) When you run your model now, you will find gf@air results only contain four or five
observations, randomly selected from the nine that were remaining after our filter operat

removed records that had missing Online_Shopping values.

Thus you can see that there are many ways, and various reasiute tdata by decreasing the

number of observations in your data $&e 6 | | now move on to hand

before doing sdt is going to be important to reset our data back to its original finile
filtering, we removed an obseivathat we will need in order to illustrate vilainsistent data

is, and to demonstrate how to handle it in RapidMiner. This is a good time to learn how
remove operators from your stream. Switch back to design perspective and click on yc
Samplingpperator. Next, right click and choose Delete, or simply press the Delete key on yo
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keyboard. Delete the Filtexample®perator at this time as well. Note that your sphlatevas

connected to theesport is also deleted. This is not a probigu,can reconnect tlexaport

from the Replace Missing Values operator toegport, or you will find that the spline will

reappear when you complete the steps under Handling Inconsistent Data.

HANDLING INCONSISTEN T DATA

Inconsistent data occurs when aeafue

Inconsistent datais diffeent from missing data.

exist however that value is not valid or meaningfafer back té&igure 25, a close up version

of that image is shown here as Figt#a@.3

reguiar
regular
reqular
reqular

Unline_shopping pinominal
Facebook binominal
Twilter polynominal
Other_Social_Melwork polynominal

2171
mode =Y (8), least=n (4) [N (4), Y (5) ik

mode =Y (8), least=N(3) Y (8) N(3)
maode =M (8), least=99 (1 N (8), Y (2), 99 (1)
made = Linkedin (2), least: Linkedin (2), MySpace (1),

Figure 29. Inconsisten data in the Tentattribute.

What is that 99 doing there?

should be ©6Y60

miners, we can decide if we want to filés observation out, as we did with the missing

It seems that the only two valid values for the Twitter attribute

and ONO. Thi s

is a val

ue

t hat

Online_Shopping records, or, we could use an operator designed to allow us to replace certain

values with others.

1) Return to design perspective if you are not already there. Ensure that you have deleted

you sampling and filter operators from your stream, so that your window looks like Figure

-
% Chapter3_Process" — RapidMiner@mnorth-Mac | () |
File Edit Process Tools View Help
D b b= o > 2@
£ Overview ~ Process = L [E Parameters
- & Process » @-$ I EHS-8 v xB-~
[} Replace Missing Values
= Refriove [ create view
el 3 w ot e
EF oM
{ = ] attribute Online_Gaming -
b
weh [J invert selection
)
[] include special attributes.
i Operators | & Repositories columns [} EditList (0),
e-[v__ Jelp®
@ ] Process Control (38)
B £ Utility (43)
) Repository Access (6)
;_} Import (28) /3, Problems o Log
B £ Export (19 ( =
5 [3 port (19) 4 One potential problem (& compatibility level [ 5.2.008 >
3 modeling (257) Location & Help - Comment

F 3 Fualiation (311

Message Fixes
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Figure 330. Returning to a full data set in RapidMiner.
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Note that we dondt need to remove the R
removing anyobservations in our data set. It only changes the values in the
Onl ine_Gaming attribute, which wonot af
the Operators tab to find an operator called Replace. Drag this operator into your strear
If your splines had been disconnected during the deletion of the sampling and filterin
operators, as is the case in Fige86,3/ou will see that your splines are automatically

reconnected when you add the Replace operator to the stream.

In the parameters panchange the attribute filter type to single, then indicate Twitter as
the attribute to be modified. In truth, in this data set there is only one instance of the vall
99 across all attributes and observations, sthédnge to a single attribute is axiually
necessary in this example, but it is good to be thoughtful and intentional with every step
a data mining process. Most data sets will be far larger and more complex that the Chaj
3 data set we are currematldy fwoelkd,n gt waé«
this is the value wedre | ooking to repl
what we want to have in the place of the 99. If we leave this field blank, then th
observation will have a missing (@nwve run the model and switch to Data View in
results perspective. We, amd @iven that 80%sob thec h «
survey respondents indicated that they did not use Twitter, this would seem a safe cou
of action. You may choose thét vae you woul d | i ke to use
wi || enter ONO6 and then r-Blnthabwe now mavel rene .
values of O6NO&, and two of 06YO®6 for our T

- = - 3
&3 Chapter3_Process - RapidMiner@mnorth-Mac = | 5 S|
Eile Edit Process Tools View Help
= - (0
25 aa p B
; Result Overview | & Exampleset (Replace) | & Repositories
Data View! () Data View () Plot View (_) Advanced Charts () Annotations B2 s-9
ExampleSet (11 examples, 0 special altributes, 15 regular aftributes) B - F!i ggmp\es nene
Role Name Type Statistics Range Missings r,:-’y RapidMiner (mnorth
regular Online_Gaming binaminal mode =N (8}, least=Y (2) N (9),Y(2) 0 Bl &7 RapidMiner Baok (mn
regular Gender Binaminal mode =W (7), least=F (4) M (7), F (4) 0 [ ar R e AR
{# Chapter3_Process (mnarn - w1, 7
regular Race polyneminal mode = White (5), least = Hi White (5), Hispanic (2), Afric: 0
regular Marital_Status polyneminal mode =5 (4), least=M(3) M(3),5(4),D(4) 0
regular Preferred_Browser polynominal mode = Firefox (5), least = 8 Firefox (5), Chrome (2), Inter 0
regular Preferred_Search_Engine  polynominal mode = Google (7), least= £ Google (7), Yahoo (3), Bing { 0
regular Preferred_Email polyneminal maode =Yahoo (6), least=G Yahoo (8), Hotmail (3), Gma 0
regular Read News binominal mode =Y (8), least=N(2) Y (8),N(2) 1
regular Online_Shopping binominal mode =Y (5), least=N (4) N (4),Y (5)
regular Facebook binominal mode =Y (8), least=N(3) Y (8),N(3) 0
regular Twitter polynominal mode =N (9), least=Y (2) N(3),Y(2) 0
regular Other_Social_Metwork polynaminal mode = Linkedin (2), least= Linkedln (2), MySpace (1), G 7
regular Birth_Year integer avg=1972.727 +-10.743  [1954.000; 1987.000] 0
regular Years_on_Internet integer avg=8.818 +- 4332 [2.000 ; 15.000] 0
regular Hours_Per_Day integer avg = 2.818 +- 1.601 [1.000 ; 6.000] 0
o Log
BéR I Systern Monitar

Figure3-31. Replacement of inconsistent valueandtinsistent one.
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Keep in mind that not all inconsistent data is going to be as easy to hapieiag a single

value. It would be entirghpssible that in addition to the inconsistent value of 99, values of 87,

96, 101, or others could be preserd data set If this were the casié,might takemultiple
replacementand/or missing data operators to prepare the data set for nimingmeric data

we might also come across data which are accurate, but which are also statistical oetliers. Thes
might also be considered to be inconsistent data, so an example in a later chapter will illustrate the
handling of statistical outlieiSometimes data scrubbing can become tedious, but it will ultimately
affect the usefulness of data mining resulteese types of activities are important, and attention

to detalil is critical.

ATTRIBUTE REDUCTION

In many data sets, you will find that sattebutesare simply irrelevant to answering a given

guestion. InChapter 4 we will discuss methods for etaly correlation, or the strength of

relationships between giatributes In some instances, you will not know the extent to which a
certainattributewill be useful without statistically assessingttndut® s corr el ati on t o t
data you Mlibe evaluatingln our process stream in RapidMines,c&n removattributeshat

are not very interesting in terofsanswering a given question without completely deleting them

from the data setRemember, simply because certain variables insaedata ar en 6t i nt er e st
answering a certain question doesnThisiswhgan t hose
we recommended bringing in all attributes when importing the Chapter 3 data set earlier in this
chapteii uninteresting or irrelevaattributes are easy to exclude within your stream by following

these steps:

1) Return to design perspective. In the operator search field, type Select Attribute. The
Select Attributes operator will appear. Drag it onto the end of your stream saghat it f
between the Replace operator and the result set port. Your window should look like
Figure 332.
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The attribute subset selection window.
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3) Using the green right and left arrows, you can select which attributes you would like to
keep. Suppose we were going to study thegdephmics of Internet users. In this
instance, we might select Birth_Year, Gender, Marital_Status, Race, and perhaps
Years_on_Internet, and move them to the right under Selected Attributes using the right
green arrow. You can select more than one atr@bd time by holding down your
control or shift keys (on a Windows computer) while clicking on the attributes you want to
select or deselect. We could then click OK, and these would be the only attributes we
would see in results perspective when weutumodel. All subsequent downstream data

mining operations added to our model will act only upon this subset of our attributes.

CHAPTER SUMMARY

This chapter has introduced you to a number of concepts related to data preparation. Recall that
Data Prepration is the third step in the CRII® process Once you have established
Organizational Understanding as it relates to your data mining plans, and developed Data
Understanding in terms of what data you need, what data you have, where it is tbeated, an

forth; you can begin to prepare your data for mining. This has been the focus of this chapter.

The chapter used a small and very simple data set to help you learn to set up the RapidMiner data
mining environment. You have learned about viewingeataten OpenOffice Base, and learned
some ways that data sets in relational databases can be collated. You have also learned about

comma separated values (CSV) files.

We have then stepped through adding CSV filasR@pidMiner data repos§oin orderto
handle missing data, reduce data through observation filtering, handle inconsistencies in data, and
reduce the number of attributes in a model. All of these methods will be used in future chapters to

prepare data for modeling.

Data mining is most stessful when conducted upon a foundation ofonegbred data. Recall

the quotation from Chapter 1frofnl i ce 6 s Adv e i which way you go do¥smotd er | an d

matter very muciy ou dondt know, or dondt <careof where yo

where you arrive when you complete a data mining exercise will largely degevd wptryou

prepared to get there. Someti mes we hear the |

mi ni ng, results gleaned MWoomepddhralny nprt énp argedd da
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may be misleading. Decisions based upon them could lead an organization down a detrime

and costly path. Learn to value the process of data preparation, and you will learn to be a be

data miner.

REVIEW QUESTIONS

1)

2)

3)

4)

5)

6)

EXERCISE

What are the four main processes of data preparation discussed in this chapter? Wha
they accomplish and why are tihgyortant?

What are some ways to collate data from a relational database?

For what kinds of problems might a data set need touided?

Why is it often better to perform reductions using operators rather than excluding

attributes or observations as data are imported?

What is a data repository in RapidMiner and how is one created?

How might inconsistent data cause later trawlolata mining activities?

1)

2)

Locate a data set of any number of attributes and observations. You may have acces
data sets through personal data collection or through your employment, although if yc
use an empl oyer 6s onyaby permissioa'k ¥ou camalse searah the c
Internet for data set librariea si mpl e search on the ter
search engine will yield a number of web sites that offer libraries of data sets that you «
use for academic and teag purposes. Download a data set that looks interesting to you

and complete the following:

Format the data set into a CSV file. It may c¢orites formator you may need to open
the data irOpenOfficeCalc or somaimilarsoftware, and then use thide > Save As

feature tesaveyour data as a CSV file.
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3) Import you data into your RapidMiner repository. Save it in the repository as

Chapter3_Exercise.

4) Create a new, blank process stream in RapidMiner and drag your data set into the process

window.

5) Run your process and examine your data set imetdldata view and Data View. Note

if any attributes have missing or inconsistent data.
6) If you found any missing or inconsistent data, use operators to handle these. Perhaps try
browsing through the fadd tree in the Operators tab and experiment with some operators

that were not covered in this chapter.

7 Try filtering out some oObservations based on

attributes.

8) Document where you found your data set, how yopanee it for import into

RapidMiner, and what data preparation activities you apptied
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CHAPTER FOUR:
CORRELATION

CONTEXT AND PERSPECT IVE

Sarah is a regional sales manager for a natisoptierof fossil fuels for home heating. Recent
volatility in market prices for heating oil specifically, coupled with wide variability in the size
each order fonome heating oil, has Sarah concerned. She feels a need to understand the type
behaviors and other factors that may influence the demand for heating oil in the domestic mark
What factors are related to heating oil usage, and hovsineiglste a knowledge of such factors

to better manage her inventory, and anticipate densamdfbelieves that data mining can help

her begin to formulate an understanding of these factors and interactions.

LEARNING OBJECTIVES

After completing the reading and exercises in this chapter, you should be able to:
1 Explain what correlation is, and what& n 6 t .
1 Recognize the necessary format for data in order to perform correlation analysis.
1 Develop a correlation model in RapidMiner.

1 Interpret the coefficients in a correlation matrix and explain their significance, if any.

ORGANIZATIONAL UNDER STANDING

Sarahds goal i s to better understand how h
She recognizes that there are many factors that influence heating oil consumption, and beli
that by investigating the relationship between a numbeseffétators, she will be able to better
monitor and respond to heating oil demand. She has selected correlation as a way to mode
relationship between the factors she wishes to inves@Ggatelation is a statistad measure of

how stronghe relabnships are between attributes in a data set.
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DATA UNDERSTANDING

In order to investigate her question, Shashenlisted our help in creating a correlation matrix of

six attributes. Working together, rima&lyng Sa
drawn from the companyds billing database,
attributes:

1 Insulation: This is a density rating, ranging from one to ten, indicating the thickness of

r ah

we

each homed6s insul ati ogofonei8 pobrly malatedj whikeaa densi

home with a density of ten has excellent insulation.

1 Temperature This is the average outdoor ambient temperature at each home for the
most recent year, measure in degree Fahrenheit.

1 Heating_Oil: This isthetotal nunber of units of heating oil purchased by the owner of
each home in the most recent year.

1 Num_Occupants: This is the total number of occupants living in each home.
Avg_Age This is the average age of those occupants.

1 Home_Size Thisis arating,onasal of one to eight, of the
higher the number, the larger the home.

DATA PREPARATION

A CSV dat a s eexamp@ers tahviasi Icahbalpet efrobrs downl oad at
site [ittps://sites.google.com/site/dataminingforthemagsedf you wish to follow along with

the example go ahead and download the ChapiataSet.csv file now and save it into your
RapidMiner data folder. Then, complete theviolg stepso prepare the data set for correlation

mining:

1) Import the Chapter 4 CSV data set into your RapidMiner data repository. Save it with the
name Chapter4. If you need a refresher on how to bring this data set into your
RapidMiner repositoryefer to steps 7 through 14 of the Hands On Exercise in Chapter 3.
The steps will be the same, with the exception of which file you select to import. Import
all attributes, and accept the default data types. When you are finished, your repository

shouldiook similar to Figure- 4.

60

hor

t h


https://sites.google.com/site/dataminingforthemasses/

Chapter 4: Correlation

O Operators
| & Repositaries

I':ﬂ Samples none

=)

¥ RapidMiner (mnorth

= &¥ RapidMiner Book (mnorth
EE Chapter3 (mnorth - w1, 71212 11
:g Chapter3_Process (mnaorh - w1

—+—» [Bl Chapterd (mnorth - v1, 71412 1C

[+

Figure41. The chapter four data set added

2) If your RapidMiner application is not open to a new, blank process window, click the ne:
process icon, or click File > New to createw process. Drag your Chapter4 data set
into your main process window. Go ahead and click tijplayjbutton to examine the
data setds meta dat a. |l f you are promp
this bookos ex amlpat@aptetePiotess. save the mod

&}, Chapterd_Process — RapidMiner@mnorth-Mac
File Edit Process Tools View Help
rm = D
= =) é,,rj A D TQ ':1.-] @
ZZ Result Overview | & ExampleSet (Retrieve)
Meta Data View Data View PlotView (_) Advanced Charts Annotations [F= e IR
ExampleSet (1218 examples, 0 special aftributes, 6 regular attributes) Ej -
Role MName Type Statistics Range Missings
regular Insulation integer avg=6.214 +- 2.768 [2.000; 10.000] 0
regular Temperature integer avg = 65.079 +- 16.932 [38.000 ; 90.000] i)
regular Heating_0il integer avg = 197.394 +/- 56.248 [114.000; 301.0001 0
regular Mum_Occupants integer avg =3 113 +-1691 [1.000 ; 10.000] V]
regular Avg_Age real avg = 42.706 +/- 15.051 [15.100; 72.200] 0
regular Home_Size integer avg =4 649 +-2321 [1.000; 8.000] V]

Figure 2. Meta Data view of the chapter four data set.

We can see in Figure24hat our siattributesare shown. There are a total of 1,218
homes represented in the data set. Our dadpsears to be very clean, withmissing
values in any of the six attributes, and no inconsistent data apparent in our ranges or ot
descriptive statistics. If you wish, you can take a minute to switch to Data View t
familiarize yourself with the data. It feels like these datagacelishape, and are in no

further need of data preparation operat
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MODELING

3) Switch back to design perspective. On the Operators tab in the lower left hand corner, use
the search box and begin typing in the wontition The tool we are looking for is called
Correlation Matrix. You may be able to find it before you even finish typing the full search
term. Once youdve | ocated it, drag it over
stream.By default, thexaport will connecto therep or t , but i n this chapt
we are interested @neating anatrix of correlation coefficients that we can analyze. Thus,

is it important for you to connect thmt(matrix) port to aegort, as illustrated indgure

&% Chapterd_Process* - RapidMiner@mnorth-Mac [E=AE=E™)
- - . o — —
File Edit Process Tools View Help
T HES AP 2@
L2 Ovarviev  Process = ML 53 Paramaters
& - - & Process » -PEDEIS- |8 222 B~
[#] correlation Matrix
normalize weights
inp res
e [] squared correlation
— =
3 ]
Retrieve
@ out e exal)
on A b
b
|8 Repositoriss (<)
& Operators
E- ) Modeling (9)
B & Attribute Weighting (1)

Figure 43. The addition of a Correlation Matrix to our stream, with the

mat(matrix) port connected to a result(sstport.

4) Correlation is a relatively simple statistical analysis tool, so there are few parameters to
modify. We willccept the defaults, and run the model. The results will be similar to

Figure 44.

-

&% Chapterd_Process — RapidMiner@mnorth-Mac

File Edit Process Tools View Help

\ S & [ Y 2D
\ ; Result Overview r'] Correlation Matrix (Correlation Matrix I__ﬂ ExampleSet (Retrieve)

Table View Pairwise Table Plot View Annotations

Altributes Insulation ~ Temperature  Heating_Qil  NMum_Occupants  Avg_Age Home_Size
Insulation 1 -0.794 0.736 -0.013 0.643 0.201
Temperature -0.794 1 -0.774 0.013 -0.673 -0.214
Heating_Qil 0736 -0.774 1 -0.042 0.848 0.3381
Mum_Qccupants  -0.013 0.013 -0.042 1 -0.042 -0.023
Avg_Age 0.643 -0.673 0.848 -0.048 1 0.307
Home_Size 0.201 -0.214 0.381 -0.023 0.307 1

Figure 44. Results of a Correlation Matrix.
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5) In Figure 44, we have oworrelation coefficientsin a matrix. Correlation coefficients
are relatively easy to decipheThey are simply a measure of the strength of the
relationship between each possible set of attributes in the data set. Because we hav
attributes in this data set, our matrix is six columns wide by six rows tall. In the locatic
where an attribat i nt er sects with i1tself, the cor
compared to itselias a perfectly matched relationship. All other pairs of attributes will
have a correlation coefficient of less than one. To complicate matters eelaitionor
coefficients can actually be negative as well, so all correlation coefficients will f:
somewhere betweehand 1. We can see that this is the case in Fguaadiso we can

now move on to the CRISPM of é

EVALUATION

All correlatiorcoefficients between 0 and 1 repregesitive correlations while all coefficients

step

between O andl arenegative correlations While this may seem straightforward, there is an
ma dlistinction bas todon t e
t h

relationship between the Heating_Oil consumption attribute, and the Insulation rating lev

i mportant distinction to be

with the direction of movement bet ween

attribute. The coefficient there, as seemimmatrix in Figure-4, is 0.736. This is a positive
number, and therefore, a positive correlation. But what does that mean? Correlations that

positive mean that as one attri buBuwdppsitie al u

correlation also means that as o Daa amalydtsr i b
someti mes make the mistake in thinking tha
decreasing, but i f luéssare also rdeceasipgy thedcorrelgtionaig stillrai

positive oneThis is illustrated in Figure&54

1

Heating Oil use

rises

1

Insulation

rating also rises

!

Heating Oil us
falls

!

Insulation

rating also falls

Whenever both attribute values move in the same direction, the corr@asitines

Figure 45. lllustration of positive correlations.
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Next, consider the relationship between thmp€eature attribute and the Insulation rating
attribute. In our Figure4l matrix, we see that the coefficient thef@794. In this example, the

correlation is negative, as illustrated in Figbire 4

1

Temperature

rises

!

Insulation

rating falls

!

Temperature

falls

1

Insulation

rating rises

Whenever attribute values move in opposite directions, the correteggatiie

Figure 46. lllustation of negative correlations.

So correlation coefficients tell us something about the relationship between attributes, and this is
helpful, but they also tell us something aboutstitemgtbf the correlation. As previously
mentioned,all correlatios will fall between O and 1 or O athd The closer a correlation
coefficient is to 1 or tel, the stronger it is. Figurd 4lustrates the correlation strength along the

continuum from1 to 1.

-1 0 1
-1 @8 0. 604 04c O O ¢ G 0.4 ¢ 0.8 ¢
Very Strong Some No No Some Very strong

correlation

Correlation correlation correlation = correlation

Figure 47. Correlaton strengths betweehand 1.

Correlation

RapidMiner attempts to help us recognize correlation strengths thriougtodmg. In the

Figure 44 matrix,we can see that some of the cells are tinted with shades of purple in graduated
colors, in order to more strdnchighlight those with stronger correlations. It is important to
recognize that these are only general guidelines and nmabhdfast rules. A correlation
coefficient around .2 does show some interaction between attributes, even if it is ralystatistic
This should be

significant. kept I n mind as
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DEPLOYMENT

The concept of deployment in data mining m
your modeltaking some action based upon what model tells youln thischpt er 6 s e x &
we conducted some basic, exploratory analysis for our fictional figureTSemalare several

possible outcomes from this investigation.

We learned through our investigation, that the two most strongly correlated attributes in our d:
set are Heating_Oil and Avg_Age, with a coefficient of 0.848. Thus, we know that in this data
as the average age of the occupants in a home increases, so too does the heating oil usage
home. What welo not knoiw why that occurs. Data bsés often make the mistake of

interpreting correlation as causatiomhe assumption that correlation proves caus#ion

dangerous amftenfalse

Consider for a moment the correlation coefficient between Avg_Age and Temp@Giare:
Referringback to Figure-4, we see that this is considered to be a relatively strong negatiw:
correlation. As the age of a homeds resid
and as the temperature rises, the age of the folks inside goeButaenld the average age of a
homeds occupants have any effect on that h
not. If it did, we could control the temperature by simply mpemge of different ages in and

out of homes. This of courgesilly. While statistically, there is a correlation between these twc
attributes in our data set, there is no logical reason that movemerdansesevement in the
other. The relationship is probably coincidental, but if not, there must bersnegmanation

that our model cannot offer. Such limitations must be recognized and accepted in all data mir

deployment decisions.

Another false interpretation about correlatisribat the coefficients are percentages, as if to say
that a correlain coefficient of 0.776 between two attributes is an indication that there is 77.69
shared variability between those two attributes. This is not correct. While the coefficients do te
story about the shared variability between attributes, the ngdedytiematical formula used to
calculate correlation coefficients solely measures strength, as indicated by proximitydd 1 or

the interaction betweaitiributes No percentage is calculated or intended.
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With these interpretation parameters engdaihere may be several things that Saaahdm

order to take action based upon our model. A few options might include:

1 Dropping theNum_Occupantsttribute. While thaumber of people living & home
might logically seem like a variable thatdnotluence energy usage, in our model it did
not correlate in any significant way with anything else. Sometimes #igieuteghat

dondt turn out to be very interesting.

1 Investigating the role of home insulation. The Insulation rating atirdsufi@rly strongly
correlated with a number ofher attributes. There may be some opportunity there to
partner with a company (orstarh e € ?) t hat s pirsdatiom toiexistrgg i n addi
homes. If she is interested in contributing to conseryvatiarking on a marketing
promotion to show the benefits of adding insulation to a home might be a good course of
action, however if she wishes to continue to sell as much heating oil as she can, she may

feel conflicted about participating in such a cgmpai

1 Adding greater granularity in the data set. This data set has yielded some interesting
resul ts, but frankl vy, itds pretty general . \
annual number of heating oil units in this model. But we alsothaiotemperatures
fluctuate throughout the year in most areas of the world, and thus monthly, or even weekly
measures would not only be likely to show more detailed results of demand and usage over
time, but the correlations between attributes would pyob@abmore interesting. From
our model, Sarah now knows how certain attributes interact with one another, but in the
daytoday business of doing her | ob, sheol | pr ol

periods shorter than one year.

1 Adding additionadttributes to the data seét.turned out that the number of occupants in
the home didnodt correlate much with other at
attributes would be equally uninteresting. For example, what if Sarah had access to the
numker of furnaces and/or boilers in each home? Home_sizightg correlated with
Heating_Oil usage, so perhaps the number of instruments that consume heating oil in each

home would tell an interesting story, or at least add to her insight.
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Sarah wouldlso be wise to rememlikat the CRISI®M approach is cyclical in nature. Each
month as new orders come in and new bills go out, as new customers sign up for a heating
account, there are additional data available to add into the model. As sherkeatysut how

each attribute in her data set interacts with others, she can increase our correlation mode

adding not only new attributes, but also, new observations.

CHAPTER SUMMARY

This chapter has introduced the concept of correlation asw@rdatamodel. It has been chosen

as the first model for this book because it is relatively sincplestauct run and interpret, thus
serving as an easy starting point upon which to build. Future models will become more comp
but continuing to devagb your skills in RapidMiner and getting comfortable with the tools will

make the more complex models easier for you to achieve as we move forward.

Recall from Chapter (Figure 12) that data mining has two somewhat interconnected sides:
Classificationand Prediction. Correlation has been shown to be primarily on the side o
Classification. We do not infer causation using correlation metrics, nor do we use correlat
coefficients to predict one attri buwkydidds v
general trends in data sets using correlations, and we can anticipate how strongly an obse

movement ine attribute will occur in conjunction with movement in another.

Correlation can be a quick and easy way to see how elements of eolgmenpay be
interacting with one another. Whenever you find yourself asking how certain factors in a probl
youdre trying to solve interact with one a
For example, does customer satisfactiamge based on time of year? Does the amount of

rainfall change the price of a crop? Does household income influence which restaurants a pe

patroni zes? The answer to each of these ¢
helpusknw i f thatoés true, it can also help us
they occur.
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REVIEW QUESTIONS

1) What are some of the limitations of correlation models?
2) What is a correlation coefficient? How is it interpreted?

3) What is thalifference between a positive and a negative correlation? If two attributes have
values that decrease at essentially the same rate, is that a negative correlation? Why or why

not?
4) How is correlation strength measured? What are the ranges for stfeogtbkation?

5) The rumber of heating oil consuming devices was suggested as a possibly interesting
attribute that could be addedthe example data set for this chapter. Can you think of
others? Why might they be interesting? To what other attibtitesdata set do you
think your suggested attributes might be correlated? What would be the value in knowing

if they are?

EXERCISE

It is now your turn to develop a correlation model, generate a coefficient matrix, and analyze the

results. Tocomglee t hi s chapterds exercise, follow the s

1) Select a professional sporting organization that you enjoy, or of which you are aware.
Locate that organizationd6s web site and sear
athletes in that orgeaation.

2) Open OpenOffice Calc, arstlarting in Cell A acrog®ow 1 of the spreadsheet, define
some attributes (at least three or four) to hold data about each athlete. Some possible
attributes you may wish to consider could be annual _salary, poigdsneger
years_as_prbeight, weight, age, etc. The list is poteniiditpited will vary based on
the type of sport you choose, and will depend on the data available to you on the web site

youdbve selected. Me a s u r dameance ia comgetitionfare at hl et e
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3)

4)

5)

6)

7

8)
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likely to be the most interestingou may i nclude the athle
mind that correlations can only be conducted on numeric data, so the name attribu
would need to be reduced out of your data set befagngr your correlation matrix.

(Remember the Select Attributes operator!)

Look up the statics for each of your selected attributes and enter them as observatior

into your spreadsheet. Try to find as many as yduatdeast thirty is a good rule of

thumbin order to achieve at least a basic level of statistical validity. More is better.

Once youdve created your data set, use
Save As. Enter a file name, .cav) dBBe sufedon g e

save the file in your data mindteda folder

Open RapidMiner and import your data set into your RapidMiner repository. Name i
Chapter4Exercise, or something descriptive so that you will remember what data &

contained in the datatsvhen you look in your repository.

Add the data set to a new process in RapidMiner. Ensure thaptheis connected to
aresport and run your modelSave your process with a descriptive name if you wish.
Examine your data in results perspeaind ensure there are no missing, inconsistent, or
other potentially problematic data that might need to be handled as part of your Dat
Preparation phas®eturn to design perspective and handle any data preparation tasks th

may be necessary.

Add a @rrelation Matrix operator to your stream and ensure thanahport is
connected to eegort. Run your model again. Interpret your correlation coefficients as

displayed on the matrix tab.
Document your findings. What correlations exist? Howgsaan they? Are they

surprising to you and if so, why? What other attributes would you like to add? Are the

any youdd eliminate now that youdve min
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Challenge step!

9) While still in results perspectiviigckcon the ExampleSet tab (whigists assuming you
left theexagport connected to @port when you were in design perspectiviegk @ the

Plot View radio button. Examine correlations that you found in your model visually by

creating a scatter ploit your data Choose one attrke for your ¥Axis and a correlated
one for your yAxis. Experiment with th#tter slide bar. What is it doing? (Hint: Try an

| nternet search on

tFdr an atd@ionah visiigl expetiemae,itrp @

Scatter 3D or Scatter 3D Qofdot. Consider Figures3dand 49 as examples. Note that

with 3D plots in RapidMiner, you can click and hold to rotate your plot in order to better

see the interactions between the data.
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CHAPTER FIVE:
ASSOCIATION RULES

CONTEXT AND PERSPECT IVE

Rogeris a city manager for mediumsized,but steadily growingity. The city has limited
resources, and like most municipalities, there are more needs than there are resources. He
like the citizens in the community are fairly active in various community organizations, al
believes that he may be able to get a muofilroups to work together to meet some of the
needs in the community. He knows there are churches, social clubs, hobby enthusiasts and c
types of groups in the community. What he
groups that mig enable natural collaborations between two or more groups that could worl
together on projects around town. He decides that before he can begin asking commur
organizations to begin working together and to accept responsibility for projects,tbdinéeds

out if there are any existing associations between the different types of trewgrsa

LEARNING OBJECTIVES

After completing the reading and exercises in this chapter, you should be able to:
1 Explain what association rules are, how thégwaré and the benefits of using them.
1 Recognize the necessary format for data in order to create association rules.
1 Develop an association rule model in RapidMiner.

1 Interpret the rules generated by an association ruleanddeplain their significande,

any.
ORGANIZATIONAL UNDER STANDING
Rogerds goal i's to identify @mndctiobshirehis lotat y

community to get some work done that will benefit the entire community. He knows of many ¢
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the organizations in towimas contact information for them and is even involved in some of them

himself. His family is involved in an even broader group of organizations, so he understands on a
personal level the diversity of groups and thenests Because people he andfuisily knows

are involved in other groups around town, he is aware in a more general sense of many different

types of organizations, their interests, objectives and potential contributions. He knows that to

start, his main concern is finding types o&rorgtions that seem to be connected with one

another. Identifying individuals to work with at each church, social club or political organization

will be overwhelming without first categorizing the organizations into groups and looking for
associations beween t he groups. Only once heds checked
ready to begin contacting people and asking them to use thesrganssmtiodacontacts and

take on project ownership. His first need is to find where such associations ex

DATA UNDERSTANDING

In order to answer hguestionRogerhas enlisted our help in creatingssociation rulesdata

mining model Association rules are a data mimmghodologythat seeks to find frequent
connectiondetween attributes in a aatet. Association rules are very common when doing
shopping basket analysis. Marketers and vendors in many sectors use this data mining approach to
try to find which products are most frequently purchased together. If you hauechased

items on a eCommerce retail site like Amazon.com, you have probably seen the fruits of
association rule data mining. These are most commonly found in the recommendations sections

of such web sites. You might notice that when you search for a smartphone, datansifm

screen protectors, protective cases, and other accessories such as charging cords or data cables are
often recommended to you. The items being recommended are identified by mining for items that
previous customers bought in conjunction wighithim you search for. In other words, those

items are found to lessociateith the item you are looking for, and that association is so frequent

in the web si tassdcstionghd bheaxonsideredrale fThusis borm the name of

ths data mining approach: dcoassociation rulesbd.
shopping basket analysis, this modeling technique can be applied to a broad range of questions.
We will help Roger by creating an association rule model to ty linkfages across types of

community organizations.
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Working togethenve usingRoger 6 s knowl edge ocfeatet dhatsurveyc a |
which we will administer online via a web site. In order to ensure a ofedestiaréntegrity and

to try toprotect against possible abuse, our web survey is password protected. Each organiza
invited to participate in the survey is given a unique password. The leader of that organizatio
asked to share the password with his or her membership andutagg@articipation in the
survey. Community members are given a month to respond, and each time an individual logs
complete the survey, the password used is recorded so that we can determine how many pe
from each organization responded. Aftemtbath ends, we have a dataceehprised of the

following attributes:

1 Elapsed_Time This ighe amount of time each respondent spent completing our survey.
It is expressed in decimal minutes (e.g. 4.5 in this attribute would be four minutes, thir
seonds.

1 Time_in_Community: Thisquestion on the survey asked the person if they have lived in
the area for-@ years3-9 yearsor 10+ yearsandis recorded in the data set as Short,
Medium, or Longespectively

1 Gender The survey respondentds gender

1 Working: A yes/no column indicating whether or not the respondent currently has a paic
job.

T Agee The survey respondentds age in years.

1 Family: A yes/no column indicating whether or not the respondent is cuaergiyber
of a familyoriented communityrogani zat i on, such as Big |
recreation or sports leagues, genealogy groups, etc.

1 Hobbies: A yes/no column indicating whether or not the respondent is cumently
member of a hobbkgriented community organization, such aseamaadio, outdoor
recreation, motorcycle or bicycle riding, etc.

1 Social_Club A yes/no column indicating whether or not the respondent is cuaently
member of a community social organizat:.i

1 Political: A yes/no column indicating whether or not the respondent is cumently
member of a political organization with regular meetings in the comsuchtyas a

political party, grasgoots action group, a lobbying effort, etc.
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1 Professional A yes/no columrindicating whether or not the respondent is currantly

member of a professional organization with local chapter meetings, such as a chapter of a

|l aw or medical socigoupetc.c a s mal | busi ness owne
1 Religious: A yes/no column indicating whether st the respondent is currendy

member of @hurch in theommunity.
1 Support_Group A yes/no column indicating whether or not the respondent is currently

amember of @aupportoriented community organization, suchlasholics Anonymous

an anger magament groujgtc.

Il n order to preserve a | evel of personal privac

through the survey, and no respondent was asked to give personally identifiable information when

responding.
DATA PREPARATION
ACSVdaa set for this chapterds exercise is avail

site [ittps://sites.google.com/site/dataminingforthemagsedf you wish to follow along with
the exercise, gghead and download the ChdjieataSet.csv file now and save it into your
RapidMiner data folder. Then, complete the following steps to prepare the dadassetidtion

rulemining:

1) Import the Chapter 5 CSV data set into your Rapé&iMata repository. Save it with the
name Chapter5. If you need a refresher on how to bring this data set into your
RapidMiner repository, refer to steps 7 through 14 of the Hands On Exercise in Chapter 3.
The steps will be the same, with the exceptiamich file you select to import. Import
all attributes, and accept the default data types. This is the same process as was done in
Chapter 4, so hopefully by now, you are getting comfortable with the steps to import data
into RapidMiner.

2) Drag your @apter5 data set into a new process window in RapidMiner, and run the model

in order to inspect the data. When running the model, if prompted, save the process as

Chapter5_Process, as shown in Figdre 5
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Figure 51. Adding the data for the Chaptex&neple model.

3) In results perspective, look first at Meta Data (gure 5). Note that we do not have
any missing values among any of the 12 attributes across 3,483 observations. In exami
the statistics, we do not see any inconsistent dataunk@nic data types, RapidMiner has
given us thaverage(avg) or mean, for each attribute, as well 8tandard deviationfor
each attribute. Standard deviations are measurements of how dispersed or varied
values in an attribute are, and so carsé@ @ watch for inconsistent data. A good rule
of thumb is that any value that is smaller than two standard deviations below the mean
arithmetic average), or two standard deviations above the mean, is a statistical outlier.
example, in the Agétribute in Figure 2, the average age is 36.731, while the standard
deviation is 10.647. Two standard deviations above the mean would be 58.0;
(36.731+(2*10.647)), and two standard deviations below the mean would be 15.4
(36.731(2*10.647)). If webk at the Range column in Figu& We can see that the Age
attribute has a range of 17 to 57, so all of our observations fall within two standar
deviations of the mean. We find no inc
be the caseps data miner should always be watchful for such indications of inconsister
dat a. Il tds i mportant to realguwiedallisme,t
a hardandfast rule. Data miners should be thoughtful about why some obsemvety
be legitimatand yet far from the mean,why some values that fall within two standard

deviations of the mean should still be scrutinized. One other item should be noted as \
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examine Figure & the yes/no attributes about whether or not sopevas a member of

various types of community organizations was recorded as a 0 or 1 and those attributes
were i mported as Ointegerd data types. The
Rapi dMiner require attri bsotwedill have soime data f 0bino
preparation yet to do.

&%, Chapter5_Process — RapidMiner@mnorth-Mac
File Edit Process Tools View Help
= [ )
25 2ap U@
27 Result Overview | &l ExampleSet (Retrieve)
Meta Data View Data View Plot View Advanced Charts Annotations =] q‘} -
ExampleSet (3483 examples, 0 special altributes, 12 regular alfributes) H ~
Role Mame Type Statistics Range Missings
regular Elapsed_Time real avg =5.922 +-2.293 [2.010; 10.150] 0
regular Time_in_Community  polynominal  maode = Long (1465), least= Short (714) Short (714), Medium (1304), Long (1465) 0
regular Gender pinominal made = F (1790), least = M (1693) M (1693), F (1790) 0
regular Working binominal mode =Yes (1744), least=No (1739) No (1739), Yes (1744) 0
regular Age integer avg = 36.731 +- 10,647 [17.000 ; 57.000] 0
‘ regular Family integer avg = 0.390 +- 0488 [0.000 ; 1.000] 0
|| regular Hobbies integer avg = 0.300 +- 0.458 [0.000; 1.000] 0
regular Social_Club integer avg = 0.188 +-0.391 [0.000; 1.000] 0
regular Political integer avg = 0.094 +- 0.292 [0.000; 1.000] 0
regular Professional integer avg = 0.324 +- 0468 [0.000 ; 1.000] 0
regular Religious integer avg=0419 +- 0493 [0.000; 1.000] 0
| regular Support_Group integer avg =0.159 +- 0.366 [0.000 ; 1.000] 0

Figure 52. Meta data of our community group involvement survey.

4) Switch back to design perspective. We have a fairly good understanding of our objectives
and our data, but we know that some additpmearation is needed. First off, we need
to reduce the number of attributes in our data set. The elapsed time each person took to
compl ete the survey 1isnot necessarily intere
which is whether or not thereeaxisting connections between types of organizations in
our community, and if so, where those linkages éxistder to reduce our data set to
only those attributes related to our question, add a Select Attributes operator to your
stream(as was demetrated in Chapter,3nd select the following attributes for inclusion,
as illustrated in Figure35Family, Hobbies, Social_Club, Political, Professional, Religious,
Support_Group.Once you have these attributes selected, click OK to return to your ma

process.
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r 5
#% Select Attributes: attributes &J

Select Attributes: attributes
(% The attribute which should be chosen.

Attributes Selected Aftributes

[ &) [e)e]
Age

Elapsed_Time
Gender
Time_in_Community
Working

Family
Hobbies
Paolitical
Professional
Religious
Social_Club

Support_Group

o

Figure 83. Selection of attributes to include

in the association rules model.

5) One other step is needed in our data preparation. This is to change thesdditauype
selected attributes fromteger to binominal. As previously memtihrthe association

rules operators need this data type in order to functiorrigroprethe search box on the

Operators tab in design view, type ONum

operators that will change attributes with a namata type to some other data type. The
one we will use is Numerical to Binmathi Drag this operator into your stream.
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&% Chapter5_Process® — RapidMiner@mnorth-Mac = | B |
File Edit Process Tools View Help
= =)
THEY AP 9@
P overiew  Process = L [E3 Parameters
@&~ & Process » &~ EH S~ (8 % v 5§~
@) Numerical to Binominal
Retrieve Select Attribu... "anrmuteﬂ\tertwe
i g 2 Y i =T =0 = g e e ) / o
- @&_‘J @ . LT s [ invert selection
— o o
["] include special attributes
,
| & Repositaries
i Cperators
‘- &> 1
[ ) Data Transformation (4)
= ) Type Conversion (4)
@) Numerical to Real
@4 Numerical to Polynominal
@) Numerical to Date CEEER
@& Help
£t Problems o Llon = ® e
One potential problem .
B Numerical to
Wessage Fixes Location .7y :
/ B A @ Binominal
/1, Parameter repositary eniry’ accesses a repository by name (#Rapid... €3 No quick fix available 1 Retrieve
Synopsis
Maps all numericvalues to false' if
they are in the specified range
(typical: equal 0.0} and to true’
othenwise.
(&)

Figure . Adding a data type converstion operator to a data mining model.

6) For our purposes, all attributeich remain afteapplication of the Select Attributes
operatomeed to be converted from numeric to binominal, so as the black arrow indicates
in Figure % , we wi || convert 6all 6 from the f or me
convert a subset or a single attribuytesetbecting one of those options inatigbute filter
type dropdown menu. We have done this in the past, but in this example, we can accept
the default and covert all attributes at once. You should also observe that within
RapidMiner, the data typenominal is used instead diinomial, a term many data
analysts ammoreused to. There is an important distinctiBmomiaheans one of two
numbers (usually 0 and 1), so the basic underlying data type is still Bimoerioain
the other hand, mes one of two values which may be nuneedbaracter based. Click
the play button to run your model and see how this conversion has taken place in our data

set. In results perspective, you should see the transformation, as depicted-f Figure 5
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&% Chapter5_Process — RapidMiner@mnarth-Mac l ] B

Eile Edit Process Tools View Help
118 @
IERT AP 02 ®
2 Result Overview |8 Exarnpleset (Numerical to Binorninal) |4 Repositories

$~- 8 J~

=] e
ExampleSet (3483 examples, 0 special altributes, 7 regular attributes) H~ E;ﬂggmp\es nens
Role Mame Type =3 Range Missings & RapidMiner (mnerin

regular Family binominal =Tal5e (2125), least = frue (1358) false (2125), true (1358) &P RapiaMiner Book (o
regular Hobbies binominal mode = false (2438), least = true (1045) false (2438), true (1045)
regular Social_Club binominal mode = false (2828), least = true (655) false (2828), true (655)
regular Political binominal mode = false (3156), least = true (327) false (3156), true (327)
regular Professional binominal mode = false (2353), least = true (1130) false (2353), true (1130)
regular Religious binominal mode = false (2025), least = true (1458) false (2023}, true (1458)
regular Support_Group binominal mode = false (2930), least = frue (553) false (2930), true (553)

#) Meta Data View Data View Plot View (_) Advanced Charts Annotations

oo oo ooo

Figure 55. The results of a data type transformation.

7) For each attribute in our data set, the values of 1 or O that existed in our source data
now are reflected as either O0trued or ¢

and we are reaflyo r é

MODELING

8) Switch back to design perspective. We will use two specific operators in order to gener
our association rule data mining model. Understand that there are many other operat
offeredin RapidMiner that can be used in associatiormadiels. At the outset, we
established that this book is not a RapidMiner training manual and thus, will not cove
every possible operator that could be used in a given model. Thus, please do not assi
that this chapter ds eandaonly Wway to mse far associatisnt r
rules. This is one of several possible approaches, and you are encouraged to explore «
operators and their functionality.

To proceed with the example, use the search field in the operators tab to look for &
opeamtor called F&rowth. Note that you might find one calleeFlAGrowth. This is
simply a slightly different implementation of theGF&wth algorithm that will look for
associations in our data, so do not be confused by the two very similar namés. For t
chapterdos exampl e, sel e-towth. Ge ahead and dragat r
into your stream. The FP in-EPowth stands folFrequency Pattern Frequency
pattern analysis is handy for many kinds of data mining, and is a necessagptcoimpo
association rule mining. Without having frequencies of attribute combinations, we cann
determine whether any of the patterns in the data occur often enough to be consider

rules. Your stream should now look like Figie 5

81



Data Mining for the Masses
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Figure 56. Addition of @ FRGrowth operator to an association rule model.

9) Take note of thenin suppararameter on the right hand side. We will come back to this
parameter during the evalwuation portion of t|
yourexaport and youfreport are connected tegorts. Theexaport will generate a tab
of your examples (your dat a seftegogwilbbservati
generate a matrix of any frequent patterns the operator might find in your d@ta set.

your model to switch t@sultgperspective.

&% Chapter5_Process — RapidMiner@mnorth-Mac

File Edit Process Tools View Help

IEEy AP VD

% Result Owerview rﬁ FrequentitemSets (FP-Growth) I;éJ ExarmpleSet (Mumerical to Binaminal)

&) Table View Annotations

Mo. of Sets: 6 Size Support Item 1 Item 2
Total Max. Size:2 | 0.419 Religious
1 0.380 Family
1 0.324 Professiona
Hin. Size: 1 0.300 Hobbies
Max. Size: 2 0.225 Religious  Family
. . 2 0.239 Religious Hobbies
Contains Item:

| —
.
Figure 57. Results of an FBrowth operator.
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10)In results perspective, we see that some of our attributes appear to have some frequ
patterns in them, and in fact, we begin to see that three atiobltéke they might have
some association with one another. The black arrows point to areas where it seems t
Religious organizations might have some natural connections with Family and Hobl
organizations. We can investigate this possible conrfacti®r by adding one final
operator to our model. Return to design perspective, and in the operators search box, Ic
for O6Create Association®6 (again, wi t hou
Rules operator over and drop it into thénsplhat connects tHeeport to theresport.
This operator takes in frequent pattern matrix data and seeks out any patterns that occul
frequently that they could be considered rules. Your model should now look like Figure
8.

% Chapter5_Process* — RapidMiner@mnorth-Mac o5, e S

File Edit Process Tools View Help

T H &Y > > YE®
L overview ~ Process = L [3 Parameters

@ v > & Process » - E S8 5> B

T2 create Association Rules
Select Attribu.. Humerical 1to FP-Growth
[ e e oo
B ) . |2 S
e e e

criterion [ confidence

res
es Min confidence [0 8
o

gain theta

laplace k [1 0

I

| 4 Repositories
£ Operators

£ 5 Modeling (1)
= &) Association and Item Set Mining

Figure 88. Additon of Create Association Rules operator.

11)The Create Association Rules operator can generate both a set of rules (throlugh the
port) and a set of associated items (througtepguet). We will simply generate rules, and
for now, accept the defaulirameters for the Create Association Rilesgh note the
min confidepaemeter, which we will address in the evaluation phase of our mining. Ru

your model.

) Chapter5_Process — RapidMiner@mnorth-Mac

File Edit Process Tools View Help

S 5,‘ o & Farn?
TS AP SIS
% Result Overyview I’R AssociationRules (Create Association Rules) [ & ExampleSet (Mumerical to Binominal)

Table View () Graph View () TextView () Annotations

no rules found

Figure 9. The results of our association rule model.
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12)Bummer. No rules found. Did wle all that work for nothing? It seemed like we had
some hope for some associations back in step 9, what happened? Remember from
Chapter 1 that the CRIEM process is cyclical in nature, and sometimes, you have to go
back and forth between steps bejane will create a model that yields results. Such is the
case here. We have nothing to consider here, so perhaps we need to tweak some of our
model 6s parameters. This may be a process o0
forth between our ctent CRISFDM st ep of Model i ng andé

EVALUATION

13)So wedve evaluated our model ds first run. N
right? So |l etds switch back to design persp
highlighted briefly in therevious steps. There are two main factors that dictate whether
or not frequency patterns get translated into associatiorCarniédence percentand
Support percent Confidence percent is a measure of how confident we are that when
oneattribute is #igged as true, the associated attribute will also be flagged as true. In the
classic shopping basket analysis example, we could look at two items often associated with
one another: cookies and milk. If we examined ten shopping baskets and found that
coolies were purchased in four of them, and milk was purchased in seven, and that further,
in three of the four instances where cookies were purchaliedvas also in those
baskets, we would have a 75% confidisnce in t
calculated by dividing the three instances where cookies and milk coincided by the four
instances where theguld haweoi nci ded (3/4 = .75, or 75%) .
had a chance to occur four times, but it only occurred three, so owenoaniidthis rule

is not absolute.

Now consider the reciprocal of the rul e: mi | |
ten hypothetical baskets, while cookies were found in four. We know that the coincidence,

or frequency of connection between thegeproducts is three. So our confidence in

mil k ¢ cookies falls t oMilbmtgchah®E%% béBuUnd = . 429
with cookies seven times, but it was only found with them three times, so our confidence

in milk ¢ cookeesthanaogoodobitdémeve i n cooki
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comes to the store with the intention of buying cookies, we are more confident that the
will also buy milk than if their intentions were reversed. This concept is referred to i
association rule mng asPremise¢ Conclusion Premises are sometimes also referred
to asantecedents while conclusions are sometimes referredctinasquents For each
pairing, the confidence percentages will differ based on which attribute is the premise &
which theconclusion. When associations between three or more attributes are found, fc
example, cookies, crackers ¢ milk, the
two attributes being found with the third. This can become complicated to do manuall

so it is nice to have RapidMiner to find these combinations and run the calculations for u:

The support percent is an easier measure to caldillestés simply the number of times
that the rulalidoccur, divided by the number of observations iddteeset. The number

of items in the data set is the absolute number of times the assomiddidravecurred,

since evergustomercould have purchased cookies and milk togettibeir shopping
basket The fact i s, t h engn wduid den Highly unliketydn asyu c
analysis. Possible, but unlikely. We know that in our hypothetical example, cookies &
milk were found together in three out of ten shopping baskets, so our support percenta
for this association is 30% (3/10 = .3,39%). There is no reciprocal for support
percentages since this metric is simply the number of times the association did occur o
the number of times it could haxazurredn the data set.

So now that we understand these two pivotal parametessarcas at i on r ul e
make a parameter modification and see if we find any association rules in our data. Y
should be in design perspective again, but if not, switch back now. Click on your Cres¢
Association Rules operator and changenthadidengarameter to .5 (see Figurg0).

This indicates to RapidMiner that any association with at least 50% confidence should
displayed as a rule. With this as the confidence percent threshold, if we were using
hypothetical shopping basketscdised in the previous paragraphs to explain confidence
and support, cookies ¢ milk would retur
75%, while milk ¢ cookies would not, du

Let 6s r un o thrthe B oodfieldnce aajua and seawvhat we get.
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Figure 510. Chaning the confidence percent threshold.

& ~

res

res

[E% Parameters
An®e o8-~

]-fﬁ Create Association Rules

criterion
min confidence 05 <

gain theta
laplace k

| & ExampleSet (Numerical to Binominaly

Gain
-0.613
-0.598
-0.555
-0.361

Confidence  LaPlace
0.536 0.863
0.571 0.873
0.576 0.881
0.796 0.953

Support
0.225
0.239
0.225
0.239

ps

0.061
0.113
0.061
0.113

1.378
1.902
1.376
1.902

Lift

[[=T IS
Conviction
1.316
1.630
1.371
2852

Figure 511. Four rules found with the 50% confidence threshold.

&%, Chapter5_Process — RapidMiner@mnorth-Mac
File Edit Process Tools View Help
o =i & NP
IRy A P 2@
¥ Result Cverview T,Q AgsociationRules (Create Association Rules)
Table View Graph View Text View Annotations
Show rules matching Mo. Premises Conclusion
= I l 1 | Religious Family
all ofthese conclusions v
2  Religious Hobbies
Religious 3 Family Religious
Family 4 Hobbies Religious
Hobbies
14)Eureka!

organizations are related was correct (remember Figurédok at rule number four. It

just barely missed being considered a rule with an 80% confidence threshold at 79.6%.

Our other associationsvealower confidence percentages, but are stilpqoide We can

see that for each of these four rules, more than 20% of the observations in our data set

support them. Remember that since support is not reciprocal, the support percents for

rules 1 and 3 are the same, as they are for rules 2 and 4pré&mites and conclusions

were reversed, their confidence percentages did vary however. Had we set our confidence

percent threshold at .55 (or 55% percent), nwieuld drop out of our results, so Family

¢ Rel i
t he

r ul

ri

es o

gious woul

ght

rel at i @ne thése \alses to support andconfidemcengercents, you

d

be a

will see that they track fairly consistently with one another.

86

(LaPl aceéConviction)

ar e

addi

We have found rules, and our hunch that Religious, Family and Hobby

t

r u | Téne othercalciRagidnstg i o u s

o |

onal



Chapter 5: Association Rules

If you would like, you may return to design perspective and expetimeant click on

the FRGrowth operator, you can modify tmensuppoxtalue. Note that while support
percent is the metric calculated and displayed by the Create Association Rules operator
min suppqarameter in the FBrowth actually calls for a confidence level. The default of
.95 is very common in muchtd analysis, but you may want to lower it a bit and re
your model to see what happens. Lowenimgsuppdd .5 does yield additional rules,
including some with more than two attributes in the association rules. As you experime
you can see thatdata miner might need to go back and forth a number obémen

modeling and evaluatingbefote vi ng on t o é

DEPLOYMENT

We have been able to help Roger with his question. Do existing linkages between types
community groups exist? Yes, thay . We have found that the
and hobby organizations have some common members. It may be a bit surprising that the polit
and professional groups do not appear to be interconnected, but these groups may also be r
speciated (e.g. a local chapter of the bar association) and thus may not have tremendous cr
organizational appeal or neétdseems that Roger will have the most luck finding groups that will
collaborate on projects around town by engaging churches, thobbysfamilyelated
organizations. Using his contacts among local pastors and other clergy, he might ask
volunteers from their congregatidasspearhead projects to clean up city parks used for youth
sports (family organization association rult) imnprove a local biking trail (hobby organization

association rule).

CHAPTER SUMMARY

This chapterds fictional scenario with Rog
has shown how association rule data mining can identify linkdajestivat can have a practical

application. In addition to learning about the process of creating association rule models
RapidMiner, we introduced a new operator t
also used CRISPM3& s ¢ y ad to undelstand ghat sometimes data mining involves some

back and forth ©6diggingd before moving on
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confidence percentages are calculated and about the importance of these two metrics in identifying

rules andletermining their strength in a data set.

REVIEW QUESTIONS

1) What are association rules? What are they good for?

2) What are the twaainmetrics that are calculated in association rules and how are they

calculated?

3) What data type uBsbetinoelertbage &regeent Patern aperatars irb
RapidMiner?

4) How are rule results interpreted? I n this ¢

How do we know?

EXERCISE

In explaining support and confidence percentages in this chapasditeexample of shopping
basket analysis was used. For this exercise, you will do a shopping basket association rule analysis.

Complete the following steps:

1) Using the Internet, locate a sample shopping basket data set. Search terms such as
bassoboharul e data setd or O6shopping basket de

examples. With a little effort, you will be able to find a suitable example.

2) If necessary, convert your data set to CSV format and import it into your RapidMiner

reposiory. Give it a descriptive name and drag it into a new process window.
3) As necessary, conduct your Data Understanding and Data Preparation activities on your

data set. Ensure that all of your variables have consistent data and that their data types are
appropriate for the FBrowth operator.
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4) Generate association rules for your data set. Modify your confidence and support value:
order to identify their most ideal levels such that you will have some interesting rules wi
reasonable confidence andpswp Look at the other measures of rule strength such as

LaPlace or Conviction.

5) Document your findings. What rules did you find? What attributes are most strongl
associated with one another. Are there products that are frequently connected th
surgise you? Why do you think this might be? How much did you have to test differen
support and confidence values before you found some association rules? Were any of

association rules good enough that you would base decisions on them? Whydr why no

Challenge Step!

6) Build a new association rule model using your same data set, but this time, -use the
FPGrowth operator. (Hintsr using the WFPGrowth operatof1) This operatareates
its own rules without help from other operatarg] (2) Thisoper at or 6 s s u

confidence parameters are labeled U and C, respectively.

Exploration!

7) The Apriori algorithm is often used in data mining for asisos. Search the
RapidMiner Qerators tree for Apriori operators and add them to your dataaseéw
process. Use t he Hergipthahdacbrnei to leaR alpout thébe n ¢
operatorsd parameters and functions (be

process widowin order to see its help confent
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CHAPTER SIX:
K-MEANS CLUSTERING

CONTEXT AND PERSPECT IVE

Sonia is a program director for a major health insurance provider. Recently she has been rec
in medical journals and other articles, and found a strong emphasis on the influence of wei
gender and cholest® | on the devel opment of coronar
confirms time after time that there is a connection between these three variables, and while the
littl e that can be done about atcandé madgtealtat e r
oneds chol esterol and weight. She begins
cholesterol management programs to individuals who receive health insurance through
employer. As she considers where her efifitgts be most effective, she finds herself wondering

if there are natural groups of individuals who are most at risk for high weight and high choleste

and if there are such groups, where the natural dividing lines between the groups occur.

LEARNING OB JECTIVES

After completing the reading and exercises in this chapter, you should be able to:
1 Explain what #means clusters are, how they are found and the benefits of using them.
1 Recognize the necessary format for data in order to eneadm& clusters.
9 Develop a ¥means cluster data mining model in RapidMiner.

1 Interpret the clusters generated byreekins model and explain their significance, if any.

ORGANIZATIONAL UNDER STANDING

Soniads goal i's to ident i f yuredloyder énipleyer whoraye t
at high risk for coronary heart disease because of their weight and/or high cho&isterol.

understands that those at low risk, that is, those with low weight and cholesterol, are unlikely
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participate in the programs shié wffer. She also understands that there are probably policy
holders with high weight and low cholesterol, those with high aedigh cholesterol, and
those with low weight and high cholesterol. She further recognizes there are likely & be a lot
people somewhere in betweém.order to accomplish her goal, she needs to search among the
thousands of policy holdets find groups of people with similar characteristics and craft
programs and communications that will be relevant and appealupl®ip these different

groups.
DATA UNDERSTANDING

Using the insurance company®6s c¢claims database,
selected individual s. swhightintpdundeas recardedd oritheut es ar e

p e r smostdecent medical examination, their last cholesterdétewmlined by blood work in

t hei r d,amdttheir gérgler.| As Is typical in many data sets, the gender attribute uses 0 to
indicate Female and 1 to cade Male. We will use this paime data from Soni ads
dat abase to build a cluster model to help Soni a
insurance policy holders, appear to group together on the basis of their weights, genders and
cholesterol levelsWe shouldemember as we do this that means are particularly susceptible to

undue influence by extreme outliers, so watching for inconsistent data when kiditentise

clustering data mining methodology is very important.

DATA PREPARATION

As with previous chaptes , a data set has been prepared for t
as Chapté6 Dat aSet . csv on the bookds companion web s
with this example exercise, go ahead and download the data set now, and iropgourt int

RapidMiner data repository. At this point you are probably getting comfortable with importing

CSV data sets into a RapidMiner repository, but remember that the steps are outlined in Chapter 3

if you need to review thene sure to designate theilatite names correctly and to check your

data types as you impofdnce you have imported the data set, drag it into a new, blank process

window so that you can begin to set up yaue&ns clustering data mining model. Your process

should look like Fige 61.
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Figure 61. Cholesterol, Weight and Gender data set added to a new process.

Go ahead and click the play button to run your model and examine the data set. {8 tigure 6
can see that we have 547 observations across our three previoedhatttdfutesWe can see
the averages for each of the three attributes, along with their accompanying standard deviat

and ranges. None of these values appear to be inconsistent (remember the earlier comments :

using standard deviations to fatdtistical outliers). We have no

data appear to be very clean and ready to be mined.

missing values to handle, so ou

&Y, Chapterb_Process - RapidMiner@mnorth-Mac

) S|

=

File Edit Process Tools View Help
IR pa P

| 8 ExampleSet (Retrieve)

Vg ®

= Result Overview

#) Meta Data View Data View Plot View Advanced Charts Annotations
ExampleSet (547, mples, 0 special altributes, 3 regular altributes)
Role KI\Iaﬁ!\ Type Statistics Range Missings
regular Weight integer avg = 143.572 +- 30.837 [95.000 ; 203.000] 0
regular Cholesterol integer avg = 170.433 +- 39.147 [102.000 ; 235.000] 0
regular Gender integer avg =0.514 +/-0.500 [0.000; 1.000] 0
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MODELING

T h &b Otmeankclustering stands for some number of groupsster< The aim of this data

mi ni ng methodology is to | ook at each observat
to the means, or in other words averages, of potential groups of other observations in order to find
natural groups that are #8an to one another. Thenkeans algorithm accomplishes this by

sampling some set of observations in the data set, calculating the averages, or means, for each
attribute for the observations in that sample, and then comparing the other attributedan the d

(

set to that Tieasysteriasd this rapetiivel in orderdoc i-irncd eon t he best

matches and then to formulate groups of observations which become the clusters. As the means
calculated become more and more similar, clusters ard, fandeeach observation whose

attributes values are most like the means of a cluster become members of that cluster. Using this
process, dneans clustering models can sometimes take a long time to run, especially if you
indicate a Imaxrupsed ntuhnmrboewg hoft hoe dat a, or i f you

clustergk). To build your 4means cluster model, complete the following steps:

1) Return to design view in RapidMiner if you have not done so already. In the operators
search box, typerkeans (bsure to include the hyphen). There are three operators that

conduct kmeans clustering work in RapidMiner. For this exercise, we will choose the first,

. . . , < . .
which i s si-Meansonameldr adgk t hi s operator into
&J; Chapter6_Process* — RapidMiner@mnorth-Mac. - e e [E=EE—
Eile Edit Process Iools View Help
T G
T HEY »a P R
Overview Process =] smL Z: Parameters
&
@ - - iB Process » - EHEE S-8 ser 38R~
@ Clustering (k-Means)
add cluster altrioute
EI res
I - s [ add as label
= Bl
[T] remove unlabeled
Retrieve
o - = —-
0n ® b
\ & . i
[] determine good startvalues
[ & Repositories measure fypes
@~ [mens  |@|> 8
& ) Modeling (3) max optimization st
= ) Clustering and Segmentation (3
@ k-Means — [] use iocal random seed
@) k-Means (Kemel)
@ k-Means (fast)
&) Help Cornrment
© B @
/1 Problems o Llon
& One potential problem ®K'Means
Message Fixes Location [ S

Figure 63. Adding thed®eans operator to our model.
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2) Because we did not need to add any other operators in order to prepare our data 1
mining, our model in this exercise is very simple. We could, at this point, run our mod
and begin to interprehe results. This would not be very interesting however. This is
because the default for dyror our number of clusters, is 2, as indicated by the black
arrow on the right hand side of Figw& 6This means we are asking RapidMiner to find
only two dlisters in our data. If we only wanted to find those with high and low levels of
risk for coronary heart disease, two clusters would work. But as discussed in tl
Organizational Understanding secégarlier in the chapteBonia has already recognized
that there are likely a number of different types of groups to be considered. Simp
splitting the data set into two clusters is probably not going to give Sonia the level of det
she seeks. Because Sonia felt that there were probablyapdtarstidly different
groups, | ektva@ue to ¢obiraam depictet in Eigu#e 6/Ve could also increase

of number of Omax runsad, but for now, I

/

Figure &4. Setting the desired number of clusters for oud.mode
3) When the model is run, we find an initial report of the number of items that fell into eacl

of our four clusters. (Note that the clustered are numbered starting from 0, a result
RapidMiner being written in the Java programming language.) antitusap model, our
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