Chapter Eight

Predictive Analytics: )
Helping to Make Sense i

f Big Data -
o
Richard Sherlund of Barclays says the challenge for CIOs in dealing s
with big data is what to do with all this information.’ ~
One rule of thumb today is that almost anything that a typical -
person can do with less than one second of mental thought we can e
either now or in the very near futurc automate.”
WIEADGEIN Gty v
LEARNING OBJECTIVES ®
After studying this chapter, you should be able to:
* Define data mining. el
» Explain the categories of tools available in data mining. —
» Relate common data mining terminology to standard statistical terminology. s
= Explain the relationship between correlation and data mining.
e
* Examine the common diagnostic tests used in data mining.
S
"“why CIOs Aren't Prepared for Big Data.” Wall Street Journal, March 7, 2017, (htips:/feaww
ws|.comfarlicles/why-cios-arent-prepared-for-big-data-1488855666). -
2 "How Ariificial Intelligence Will Change Everything,” Wail Street Journol, March 7, 2017,
(https:/fwwer ws).com/articles/now-artificial-intelligence -will. change everything
-1488856320). s
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Applying Analytics in Financial
Institutions’ Fight Against Fraud

Using data along with other cutting-edge tools can
help organizations make better decisions and step up
efforts to monitor fraudulent transactions.

Forty years ago, banking fraud might have involved
simply forging an account holder's signature on a with-
drawal slip. Now the speed and intricacy of the schemes
are mind-boggling: a student bank account (with de-
tails obtained by a crime gang) receives a payment of
£10,000. Within minutes, the funds have been cycled
through dozens of accounts before being forwarded to
an international account, where the trail suddenly goes
cold. No alarm bells go off. No inquiries are made to the
bank. The fraud is only discovered much later, at which
point the money and the fraudsters are long gone.

Around the world, fraud is an ever-increasing risk
for businesses of all stripes. The 2015/16 Global Fraud
Report by Kroll and the Economist Intelligence Unit
found that 75 percent of companies surveyed had
been victims of fraud in the past year, an increase of 14
percentage points from three years earlier. And, per-
haps unsurprisingly, fraud is a particularly serious issue
for financial Institutions. The Assaciation for Financial
Professionals’ 2016 Payments Fraud and Control Sur-
vey found that 73 percent of finance professionals re-
ported an attempted or actual payments fraud in 2015.

As prevalent as the fraud problem is for financial insti-
tutions, it can be difficult to address. Factors that contrib-
ute to the challenge include the sheer volume of trans-
actions handled by most institutions versus the relatively
small number of fraudulent transactions, the speed with
which technology allows fraudsters to operate, poor
or incomplete data, and the lack of information sharing
among financial institutions. All too often, banks lack the
technology and capabilities to implement the necessary
safeguards, responding to a primarily digital problem in an
analog way—for example, phone calls attempting to piece
together the path of a rapid series of money transfers.

For financial institutions, data and analytics can speed
the decision cycles used to observe, orlent, decide, and
act in fighting fraud. Since the best insights are often at
the margins of where industries or data sets overlap, it's
necessary to pose targeted questions and develop solu-
tions from a variety of information sources, By combin-
ing proprietary data sets with industry benchmarks and

government information, financial institutions can use ar-
tificial intelligence, machine leaming, and analytics in the
fight against financial fraud. Financial executives should
move now to adopt appropriate processes, develop and
acquire the necessary talent, and create the right culture
to integrate analytics into their fraud-detection efforts.
Corbo, Jacome, Wigley, Chris, and Giovine, Carlo, “Applying
analytics In financial institutions' fight against fraud,” McKinsey

Analytics, QuantumBlack, April 2017. Copyright <2017 by
McKinsey Analytics. All rights reserved. Used with permission,

DEFINING THE ROLE OF ANALYTICS

IN ADDRESSING THE CHALLENGES

OF FINANCIAL FRAUD

A vast amount of data flows through financial-services
organizations, so the abllity to harness those data and
analyze them effectively could transform the industry's
fraud-detection efforts and provide a host of other
benefits. Coupling these rich data sets with appropri-
ate analytical models provides a way to harvest the in-
formation needed to identify and prevent fraud more
effectively. In some cases, an institution’s data can be
combined with other fraud markers necessary to pro-
vide a data set for training the analytics models used to
detect possible incidents of fraud.

For financial institutions and government agencies
looking to fight fraud, then, the goal should be to aggre-
gate the existing data needed to support more timely
detection and to couple those data with the expertise
needed to create and apply the most effective fraud-
detection models. Doing so successfully can not only
produce financial savings but also protect the company’s
reputation and maintain public confidence. A recent ex-
ample demonstrates how applying analytics to fraud de-
tection can provide immediate and significant benefits.

A NEW MODEL DETECTS AN
UNPRECEDENTED VOLUME OF INVOICE
REDIRECTION

Imagine receiving an email from your CEQ requesting
an update to the payment details of a key supplier. Com-
ing from a trusted source, you might carry out the task
without question. But In doing so, you would become
an unknowing accomplice to CEQ fraud. In this crime,
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imposters gain access to business email accounts and
use them to convince unsuspecting employees to send
funds to bogus accounts. CEO fraud has jumped 270 per-
cent from 2015 through Q3 2016 and has led to losses of
more than $2.3 billion over the past few years.,

Most banks have manual fraud-detection proce-
dures or rules-based solutions, but their effectiveness
Is limited. The task is especlally challenging for invoice
redirection, where banks must spot bogus accounts
that look very much like the real thing. It's truly like
looking for fraud needles in the banking-transaction
haystack. In such cases, banks have no way of know-
ing whether they are paying a legilimate account.

Assembling the data needed to train an analyt-
ics model that can accurately identify potential in-
voice redirectlon can be a potent weapon in the
fight against fraud. QuantumBlack worked with a
major bank looking to reduce invoice-redirection

FIGURE 8.1

fraud—some tens of millions of dollars in value in
such invoice redirections from 2010 to 2015—lever-
aging one of the largest data sets In its country of
operation. The goal was to develop a tool that could
provide daily reports of suspicious transactions and
identify more than 80 percent of fraud cases in both
value and incidence.

To score every one of the millions of daily transac-
tions for fraud risk, QuantumBlack built a supervised
machine learning model (Figure 8.1). But while the
model needed a sufficiently large data set to learn
to detect fraud, the number of potentlally fraudulent
transactions on any given day is so small that wait-
ing for the natural operational work flow to generate
the needed number would have taken too long. In re-
sponse, the QuantumBlack team decoupled the train-
ing process from the day-to-day operation and created
a partially synthetic data set to train the model.

A Supervised Machine Learning Model Helped Monitor Transactions for Fraud.

Corbo. Jacome, Wigley, Clris, and Giovine, Carlo, “Applying analyties in Tinancinl institutions” fight agamst fraud ™ MeKinsey Analytics, QuantumBlack. April
2017, Copyright 92017 by McKinsey Analytics. All nights reserved. Used with parmiission.
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Our team worked closely with the client's data en- instantly rank transactions by risk score. The risk score is
e e gineering team to ensure computational performance, computed taking into consideration two different trans-
- database best practices, and legal compliance. The action patterns: one between the source and the destl-
curated data sets successfully trained the model to nation account and one that covers relationships estab-
. determine which transactions are safe and which are lished at the destination account.
N potentially fraudulent. The result is that the bank now has a tool that sig-
i In actual use, most daily transactions can be imme- nificantly improves its capability to detect high-value
— diately categorized as nonfraudulent. The remaining fraudulent transactions (Figure 8.2). The live product
few thousand transactions are run through the machine notifies the bank of an average of 35 high-risk transac-
= learning model, which provides a risk score indicating tions a day out of the several million processed, allow-
iy which transactlons are most suspicious and which can be ing the bank’s fraud team to focus on the transactions
assumed safe. By using analytics to combine the value that truly demand closer investigation. The investi-
= and risk probability of each transaction, the model can gation results are then used to continue training the
—~ FIGURE 8.2 The Tool Helped a Bank Improve its Fraud-Detection Capability.
—_ Corbo, Jacomo, Wigley, Chris. and Giovine. Carlo, “Applying anulytics in finuneial institutions’ fight agamst fraud,” McKinsey Analytics, QuantumBlack, April
2017. Copyright 2017 by MeKinsey Anulytics. Al rights reserved. Used with permission
—_—
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machine learning model on both new fraudulent cases
as well as new relationships validated as safe.

The predictive model identifies more than 85 per-
cent of fraud cases in value and incidents on the day the
transaction is processed, allowing the bank to halt trans-
actions before close of business and recover the funds.
Within the first few weeks of live-scoring transactions, the
mocdel detected approximately $100,000 in fraudulent
transactions. Other banks have expressed interest in the
product, which is just the first step of applying analytics
and modeling to the financial fraud-detection space.

WORKING TOGETHER TO CRAFT
PRACTICAL SOLUTIONS

These use cases reinforce the opportunities for finan-
cial institutions to wield analytics 1o implement real
solutions to fraud. The projects often involve bring-
ing multiple players to the table to assemble the data
needed to train the models that will identify fraud:
those combined efforts are handsomely rewarded
through a significant reduction in fraud losses and in-
creased public confidence in financial institutions.

To benefit from the opportunities that data analytics
present to fight fraud, executives of financial institu-
tions could implement a framework centered on four
key areas:

= Empower the organization with targeted tools and
capabilities. On top of advanced-analytics solu-
tions, ensure that people can get resuits out of ana-
lytics by providing the training needed to help them
understand the results and the markers of fraud. A
key element will be creating a culture of vigilance
and data-driven decisions. In some cases, it will be
necessary to bring in new talent.

* Redesign processes for speed and efficiency. De-
termine how the organization will apply or alter its
processes to improve fraud detection, possibly in-
volving changes to the information that's reported
or using new tools to obtain better information. An
audit to identify data sources and measure data
quality could be part of this phase

About the authors

=  Mobilize the entire enterprise through effective
communications. Craft a story around the fraud-
detection effort and the new advanced-analytics
capabilities, how they will be deployed, and their
expected benefits. More important, make clear
how each individual member of the organization
has to change the way he or she operates to de-
ploy those capabilities in day-to-clay tasks. Use
internal channels to share the story across the or-
ganization.

= Activate the C-suite. Drive change from the top
down. Executives should be involved in analytics
initiatives and be vocal advocates for integrating
data-driven decisicn making into all facets of the
organization.

Finally, institutions should determine whether to build
their own internal data-science capability or work with an
outside organization to close any gaps in analytics skills.

USING ANALYTICS TO FIGHT FRAUD

Fraud is a significant problem for all types of financlal
institutions, but analytics offers the potential to identify
fraud cases more quickly and frequently, sometimes
even before the fraudulent act occurs. Fortunately,
financial institutions already collect a tremendous
amount of data that can be used to help fight fraud.
The data sets don't have to be perfect to be useful, but
a good first step for most organizations is to assess ex-
isting data and their quality and determine what other
useful data might be collected.

To benefit from the fraud-fighting potential of data
analytics, financial institutions must commit to devel-
oping the necessary skills and creating the appropri-
ate culture, Given the potentially sizabile rewards of
reduced fraud losses and maintaining public trust, that
commitment should be one all organizations are will-
ing to make.

This article was first published on the Quantum-
Black website.

McKinsey Analytics, McKinsey & Company, April 2017

Jacomo Corbo is the chief data scientist at QuantumBlack. Chris Wigley is the
chiel commercial officer at QuantumBlack and a partner in McKinscy's Lon-
don office, and Carlo Giovine is a manager at QuantumBlack and 4 consultant in

McKinsey's London office.
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Predictive Analytics: Helping to Make Sense of Big Data 399

INTRODUCTION3

It became popular to
declare oneself dead in
order to avoid paying
taxes.

A Tirst step in the origin of predictive analytics goes back to the City of London in the
17" century. In 1665 and 1666, the bubonic plague swept through England. The “Great
Plague.” as it was called, is said to have killed 100,000 individuals. That amounted to
about a fifth of the entire population of London at the time. Probably because the
plague affected so many inhabitants of London and over such a short period of time,
records of deaths fell a bit behind. In fact, it became popular to declare oneself dead
in order to avoid paying taxes (even though one was very much alive). The king, of
course, would not be in favor of such a practice as the crown was cheated out of taxes
due. To prevent this practice, the king instituted the requirement of a death certilicate
that would include some basic information. As part of this new bureaucratic death
certificate process, the king received a report that summarized the recent mortality
details. In the preparation of the report (titled the Bills of Mortality), patterns were
discovered; this may be the first instance recorded in which data collected resulted
in the recognition of patterns abstracted from data and not simply the result of using
one’s eyes to observe a physical pattern in nature (e.g., the stars in the night sky, leaf
structure in plants, or the in and out action of sea tides). We have already touched on
mortality in Chapler 3; Benjamin Gompertz studied fruit flies to creatc the model we
know today as the Gompertz Curve. That same pattern was exhibited in the London
plague data. Recall the pattern of exponential death that showed up as an S-curve in
the Gompertz model for new product forecasting, The pattern Gompertz wrote about
is a special case of the generalized logistic lunction we use in present-day data mining.

So. the Bills of Mortality may be the first recorded instance of what we now refer
to as data mining or predictive analytics. The scribes in London who collected the
information were not looking for patterns (other than tax evaders). but unexpected
patterns became cvident in the numbers as they were collected (think of the process
as un early version of streaming data). Data mining today is quite different from what
most of us know as standard statistical techniques (sometimes called “frequentist”
statistics). In most forecasting situations up to this point in the text, a particular model
has been imposed on the data to produce the forecasts; that particular model has been
chosen by the forecaster. In most business situations, we assume that our data will, or
could. exhibit the patterns we have found Lo be common in most business data: trend,
seasonality, and cyclicality. We have then chosen a model that we believe will repre-
sent the data well, say a Holt-Winter's smoothing model; we may believe this model
is appropriate because we had visually observed all previous data (o include these
patterns. In a word, we sclected the model and that model was capable of only recog-
nizing certain types of patterns. If we thought “events” were an important pattern in
our data, we likely chose an event model with an appropriate underlying model meant
to capture the remainder of the pattern. For most of the history of forecasting. includ-
ing the use of both time series models and demand planning models, this has been

3 The author would like to thank Professor Eamonn Keogh cf the Depariment of Computer Sci-
ence & Engineering at the University of California, Riverside; Keogh has provided web readars
with excellenl examples and explanations of data mining tools and issues,
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BIG DATA

Distilling actionable
knowledge from the
mass of data is a bit like
trying to drink from a
fivchose.

accepted practice. More recently. our access to large volumes of data and our access o
many different types of data, along with some new algorithms, have changed the way
data scientists approach prediction. While it is true that prediction is still the goal of
data and text mining, the data itsclf and the tools used 1o manipulate it have changed in
the last decade. The fact that the field of “analytics™ is often referred to as ““predictive
analytics™ is a good indicator that the goal of our efforts has not changed: analytics is,
like forecasting proper. in the business of making accurate predictions,

If we fast-forward 200 ycars from the Great Plague, we could observe another carly
precursor to modern data mining. Florence Nightingale is thought of as the first mod-
ern nurse; she was a trailblazing nurse during the Crimean War in the mid-1850s. But
Florence Nightingale was also a statistician and quite a skilled one. She was the first
woman to be elected as a Fellow to the prestigious Roval Statistical Society in London
{called the Statistical Socicty of London at the time).”

During the war, in addition to caring for wounded and infirm soldiers, Night-
ingale kept meticulous records and displayed them graphically to discern the pat-
terns she thought so evident. She advocated for the uniform collection of medi-
cal statistics. Her “Nightingale Rose™ (Figurc 8.3) diagram, which depicted the
collected Crimean War statistics, clearly showed that most soldiers did not dic
from wounds incurred in battle but rather from preventable diseases mitigated
by conditions that could have been alleviated. While she is truly the mother of
modern nursing, Nightingale is also one of the first data miners to extract useful
information from abstract data. The roots of data mining go far back to the Great
Plague and the Crimean War,

The data mining approach is today an altogether different way of viewing the
world and the data in it compared to the methods we have employed in previous
chapters. IBM is fond of using the term Big Data 1o represent this altogether
distinet view of the data we are working with and the techniques used to produce
knowledge from that data. But the term Big Data does not belong to just IBM: it
is also a term commonly used in describe data mining in general.

The sheer volume of the data sets we work with in predictive analytics are often,
but not always, much larger than what we have used with time series models
and demand planning models in previous chapters, While the size of many of
the demonstration data sets we will use in the next few chapters are not appre-
ciably larger than we have used in previous chapters, the algorithms we employ
are often designed specifically 1o work with large data sets with reasonable
calculation times. The reason for the emphasis on volume in predictive analyt-
ics is clear: while we used o have little data to work with and some firms were
lax about saving everything that could be considered data. today firms have so

*Helen Joyce, “Florence Nightingale: A Lady with More Than a Lamp,” Significance, Decem
ber 2008, pp. 181-182.
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- FIGURE 8.3 Nightingale Rose (www.hugh-small.co.uk).
N Source: Nightingule, Florence, Notes on Mattees Mpecung the Health, Fificiency, and Hospitad Adunnostrazion of the Beitish \rmev, Founded Chacfly on the
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much data that distilling actionable knowledge from the mass of data is a bit like
. trying to drink from a firchose. The data scientist’s job is to isolate the impor-
tant patterns in this mass of data so that a firm can take actions to their benefit.

~ Analytics
- The term analytics is used in a number of different ways: your authors use il Lo en-
compass all three arcas of prediction: time series analysis, demand planning, and
-~ data/text mining. However, the term analytics is sometimes used to refer simply
- to the latest forms of prediction: data mining and text mining and (heir many vari-
ants. Data mining refers to the tools and techniques that are used in the large scale.
~ or big data. arena. In the physical world, we have used tools such as the telescope
. or Lthe microscope 1o see the characteristics of objects we were unable to examine
with the naked eye. More recently, the radio telescope (a nonoptical instrument
3 that is the combination of an antenna system and a radio receiver) and the elec-
- tron microscope (which uses a beam of accelerated electrons for illumination)
have allowed us 10 examine physical data in dimensions we could only previously
—
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hypothesize about. In much the same way, data mining tools allow us to examine
big data in order to make sense of what was previously unable to be seen; we can
even discover patterns that were previously unknowable. Hal Varian, a Google
data scientist, has termed this new area of statistics “the sexy profession.™ What
Varian has seen in the past decade is a fruitful relationship between statisticians
and computer scientists working in machine learning. Together, those two groups
are finding new ways to add value o data; when actionable information can be
distilled from data, businesses and their customers stand to benefit. According to
Varian, data mining applied to huge amounts of largely Internet-acquired data sets
presents a whole set of new powers to the data scientist.

With data mining. the models we have used in previous chapters are turned a
bit on their head. In data mining, we don’t know what pattern or family of patterns
may fit a particular set of data. It is not as simple as suggesting that specific pat-
terns are expected to exist in the data, such as trend, seasonality. and cyclicality.
We don’t even know sometimes what it is we are attempting to predict or explain.
This seems strange 1o a traditional forecaster; it's not the method of attacking the
data we have been pursuing throughout our examination of time series forecast-
ing and demand planning. To begin data mining and using big data, we require a
new mindset. We need to be open to finding relationships and patterns we never
imagined cexisted in the data we are about to examine. To use data mining is to let
the data tell us the story (rather than to impose a model on the data that we feel
will replicate the actual patterns in the data).

Big Data and Its Characteristics

Data mining traditionally uses very large data sets, oftentimes far larger than the
data sets we are used to using in most business forecasting situations, But big data
is not simply defined by the size of the data set. Think of big data as having four
characteristics. Each of the characteristics begins with the letter V.

Volume
Velocity
Variety
Value

*Volume™ of course refers to the size of the data set. And while some of the data
sets used in analytics are quite large. not all of them need be so large in order to
produce good usable results. What has changed in the last decade or so has been
the “datafication™® of almost everything. Text has been turned into data, and we
will examine how that takes place and how to analyze textual data in a later chapter.
But voice (i.e., speech) has also been turned into data; “speech to text” tools are on

2*Hal Varian and the Sexy Profession,” Significance, March 2011, pp. 32-34.

S*Datafication” is a term that has not yet made it into any dictionary we are aware of, but we first
saw it used in Victor Mayer-Schonberger and Kenneth Cukier, Big Data: A Revalution That Will
Transform How We Live, Work and Think. New York: Hougnton Miffiin Harcourt, 2013, p. 77.
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almost every computer, tablet. and phone. And once that speech is text.it is subject
to datafication. You are probably familiar with the device called the Amazon Echo;
itis a digital assistant that allows you to give it voice commands and it responds
with information gleaned from the Internet. You “wake up” the Echo by calling
on Alexa. the disjointed voice that answers your questions, provides directions,
and responds 10 a very wide set of commands. Notice the announcement Amazon
carries on its website that explains how to set up your Echo device (Figure 8.4):

FIGURE 8.4 Amazon’s Disclosure of Alexa Properties http://alexa.amazon.com/spa/index.html#welcome

Source: "Alexa Terms of Use,” Amazon, June 23, 2017,

Amazon's Disclosure af Alexa Properties

Amazon processes and retains audio and other information in the cloud to provide and improve our
services, and may exchange information with third party serivees to fulfill your requests. Learn more.
Alexa also allows purchasing by voice using your default payment and shipping settings. You can
require 4 speakable confirmation code, turn purchasing off, and see product and order details in your
Alexa app. Learn more.

Alexaresponds 1o her name: when it is voiced, Alexa begins processing the next
question or comment and gives a response. That means that the Echo's microphone
must be on all the time: it’s always listening for the “Alexa” wake-up word. Notice
that Amazon in their statement says they retain audio in the cloud. Does that mean
that everything you say, whether preceded by the codeword “Alexa" or not, is re-
corded by Amazon? The answer is probably yes. and cven more importantly, that
information is shared with other firms (i.e., the “third party services” mentioned).
In return for Amazon's datalication of everything you utter, you do get some value.
Your questions are answered; you can check the latest baseball scores; unfamiliar
words can be defined; music can be chosen and played; the latest news can be read
lo you from a chosen source (you can choose the “spin” you like).

How long does Amazon keep this data? What form do they keep the data in?
How do they share it with “third party services?” We don’t know the answer to
those questions, but we can certainly see that if they collect and store this data for
cvery Alexa user, it amounts to a large volume of data. But Amazon is not alone
in collecting “datafied” information. “Google Now,” “Siri,” and “Cortana” all act
as digital assistants, and presumably they all collect data and likely share that data
like the Echo. That is a lot of data!

That brings us to our second big data characteristic; the velocity or the rate at which
the data arrives is also big in one sense. Each of those digital assistants operates in real
time; we expect the assistant to be instantly available and to perform its task quickly. If
more than a few seconds” elapses before we get our information. we are disappointed.
Some of the algorithms we use in analytics will have to operate very quickly indeed
il we are to provide usable results in real time. When you swipe a credit card or use
Apple Pay or Android Pay, a data mining algorithm is used to check whether the
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Unstructured data does
not have a predelined
data model.

FIGURE 8.5
An Example of
One of van Ahn’s

ReCAPTCHA Boxes.

Suurce: Google

transaction initiated is legitimate; that algorithm must work quickly unless you expect
to wait for more than the few seconds it usually takes to spit out your receipt indicat-
ing a completed (and likely legitimate) transaction. We did not mention the speed of
any of the forecasting algorithms because it is rarely an issue, but the speed of a data
mining algorithm may be relevant, especially with streaming data.

The third characteristic of big data is variety. In the preceding chapters. we
have dealt with numbers arranged in a database-like format. usually an Excel
spreadsheet. But the data available now is more than just numbers. Social media
posts, video, and audio are all data; they are unstructured data. Qur databases and
Excel spreadshects were uniformly structured: the items were numbers. and they
were arranged in a particular pattern within the database. Unstructured data does
not have a predefined data model, nor is it organized in a particular manner. Social
media posts are a good example of unstructured data. The posts arc nol exclusively
numbers but also contain text. The posts are not arranged in a rigid format: post-
ers may say anything they want in any order. often mixing words and phrases
with numbers and punctuation. But the social media posts are data: they can be
analyzed. In the chapter on text mining, we will learn exactly how that is done.
For now. it is enough to know that data may vary in the characteristic of variety.

Finally, the fourth characteristic of what we call big data is value. Not everything that
qualifies as data is of value to a given firm. But a great deal of what may not have been
considered data in the past is of value to the firm today. Itis the task of a data scientist to
sort out the value that might be gleaned from what appears to be otherwise uninteresting
sstuff.” Consider the case of Luis von Ahn. You may have scen van Ahn on a Nova spe-
cial on public television or read about him in Wired magazine. Shortly after graduating
from college, he created something you have scen and used many times: he is the inven-
tor of the CAPTCHA box (Figure 8.5). CAPTCHA stands for Completely Automated
Public Turing Test to Tell Computers and Humans Apart. [t is the littie box that pops up
sometimes when first entering a website and ostensibly is meant to ensure that the entrant
i really 2 human and not a spambot or computer. This was just the first invention von
Ahn became famous for creating. Have you ever used the free program called Duol-
ingo on the Internet? I's a language learning device that doubles as a proficiency exam
for various languages (more than 20 languages at last count). Millions ol people have
Jearned or brushed up on a foreign language with Duolingo. Von Ahn is quite clever
in some of his creations: he is able to create value in a seemingly innocuous manner.

In a Ted Talk Luis von Ahn discusses the CAPTCHA boxes and the cCAPTCHA
boxes as well as Duolingo. You might want (o watch this Ted Talk at: https://www.ted

Type the two words:
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.«com/talks/luis_von_ahn_massive_scale_online_collaboration#t-314305. You would
also find exploring hutps:/www.duolingo.com interesting as an example of a useful
application of these concepts. It may even help you in a foreign language class.

“Datafication”

Take the case of the CAPTCHA box. The successor 10 the original version is mar-
keted by von Ahn's successor as ReCAPTCHA. In the newer ReCAPTCHA., the
user upon attempting to enter a websile is faced with a box containing two random
words that are taken from a computer-scanned document. The user is requested 1o
type thosc words in the provided box. Doing so correctly allows the user to pass
through to the website. The entire process takes only moments of your time. But
how docs von Ahn gain or create value from providing this free service to web-
sites that wish to exclude spambots? Google explains the value creation this way:

“reCAPTCHA improves cur knowledge of the physical world by creating CAPT-
CHAs out of text visible on Street View imagery. As people verifly the text in these
CAPTCHAS, this information is used to make Google Maps more precise and
complete. So if you're a Gongle Maps user, your experience (and everyone else’s)
will be even better.™

By taking a few moments of your time, von Ahn is provided with the value of
your expertise to help refine a character recognition algorithm. That algorithm
will help to “datify” documents and decipher unclear words in digitized text, no
matter where it exists. If you have ever filled in a ReCAPTCHA box, pat yourself
on the back for helping with the effort to make clear what was previously unclear!

A great deal of what we have previously considered as “stuft™ with litle or
no value 1o the firm has become data with some inherent value. Comments and
reviews were once considered interesting and viewed one at a time provided some,
but very little, value to a firm. Ingested by the hundreds of thousands, they be-
come valuable data from which insights may be derived. Companies that excel in
“datafication™ such as Amazon and Google benefit in very tangible ways when
they can predict more ably than their competitors. It could be reasonably argued
that all data will become valuable at some point. Data storage costs have plum-
meted. and our ability to draw predictions [rom data increase with every new data
mining algorithm. The data we have now may not be valuable, but if we keep it
long enough, there are likely some valuable insights to be mined from it. Data
has the curious characteristic that when it is used and creates value. the process
does not diminish the value that is left. The same data may be used over and over:
cconomists say a good such as data has the property of “nonrivalry™ so that one
person’s use of the good o create value does not diminish the value another can
extract from the data. Most material goods do not have that characteristic, and so
it is worth noting that data is different. The first use of a particular set of data by
a data scientist may be quite different from the purpose another researcher may
employ. and yet both may find the data to add value to the firm. Data’s full value
is rarcly extracted with its first use.

7 “Creaticn of Value,” Google, https:/fwww.google.comirecaptchalintro/#creation-of-value
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DATA MINING

Not only is the data itself somewhat different in analytics. the tools or algorithms e
we use are also somewhat different than standard business forecasting tools of time 2
series and demand planning: some of the data mining tools will seem familiar, but

S ™

they may be used in different ways than we have used them in previous chapters, The
premise of data mining is that there is a great deal of information locked up in any =
database; it’s up 1o us to use appropriate tools to unlock the information hidden within.

Business forceasting is explicit in the sensc that we used specific models to esti-
mate and forecast known patterns (e.g.. seasonality, trend, cyclicality, the effects of e
advertising, etc.). Data mining, on the other hand, involves the extraction of implicit
(often unknown) intelligence or valuable information from data. We need to be able
to process very large quantities of data to find patterns and regularities that we did not -
know existed beforehand. Some of what we find will be quite useless and uninterest-
ing (at the moment), perhaps only coincidences. But. from time to time, we will be
able to find true gems in the mounds of data: the objective of this chapter is to intro- —
duce a varicty ol data mining methods for you to consider. Some of these methods
are simple and meant only to introduce you to how the basic concept of data mining
works. We will leave the more commercially used tools for the following chapters. —

If you wish to work with your own data (or that provided with this text), we
recommend the Analytic Solver” Data Mining software.® Everyone capable of
using an Excel spreadsheet will find Analytic Solver” Data Mining an excellent &
introduction into actually using most of the algorithms used by data miners. Just
as with time series models and demand planning models, the best method for
mastering predictive analytics is to work through the examples and algorithms —
yourself with the aid of proficient software tools such as Analytic Solver®.

Not long ago one of the most pressing problems for a forecaster was the lack of ——
data collected intelligently by businesses: forecasters were limited to few picces

of data and only limited observations on the data that existed. Computing power

was also limited, but the real shortage was a lack of data, Today. however, we are -
overwhelmed with data. It is collected at grocery store checkout counters, while
inventory moves through a warchouse, when users click a button on the World
Wide Web. and every time a credit card is swiped. The rate of data collection is ~
not abating: it scems to be increasing with no clear end in sight. The presence of

Y Analytic Solver Data Mining 1s an Excel add-in Lhat 1s part of an integrated analylics solver =
from FrontiineSolvers (hip:/www.solver.com/). Both student and full versions of the software -
are available from FrontlineSolvers, It provides an excellent way to learn about daia mining

by applying tnhe algorithms to medium-sized data sels wilhin an Excel setling. A version of tha ~—

tool is available for instructors who adopt this text lo make available to their students. Instruc-
tors should contact FrontlineSolvers (htlp//www.solver.com/) for more informaticn, The
Analytic Solver Data Mining software is provided with a complete manual (see the “help”
menu) titled “Analytic Solver Data Mining User Guide.” This user manual coniains complete
stop-by-step examples of the procedures presented in this text,

—
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large cheap storage devices means that it is easy to simply keep every piece of data
produced. It may even be prudent to keep every piece of data produced; while not
valuable for insights now, that could change in the future. The pressing problem
now is not the generation of the data, but the attempt to understand it.

The job of a data scientist is to make sense of the mounds of data we now
have available by probing the data for patterns. The single most important reason
for the current fascination with data mining is due to the laree volumes of data
currently obtainable for analysis; there is a4 need for business professionals to con-
vert data into useful information by “mining” it for the presence of patterns. You
should not be at all startled by the emphasis on patterns; this entire text has been
about patterns of one sort or another. Indeed, humans have looked for patterns in
almost every endeavor undertaken by humankind. Early humans looked for pat-
terns in the night sky, for patterns in the movement of the stars and planets, and
to predict the best times of the year to plant creps. Modern humans still search for
patterns in early election returns, in global temperature changes, and in sales data
for new products. Over the last few decades, there has been an evolution from data
processing to what we call data mining today. In the 1960s. businesses customar-
ily collected data and processed it using database management techniques that
allowed indexing, organization, and some query activity. Online transaction pro-
cessing (OLTP) became routine, and the rapid retrieval of stored data was made
easier by more efficient storage devices and quicker and more capable computing.

Database Management

Database management advanced rapidly to include very sophisticated query sys-
tems (SQL or Structured Query Language is one commonly used example); it
became routine not only in business situations but also in scientific inquiry. Data-
bases began to grow at previously unheard of rates and for even routine activities.
The volume of data in all the world’s databases has been estimated recently to
double in less than every two years.” That torrent of data would seem to call for
analysis in order to make sense of the patterns locked within. Firms now routinely
have what are called data warchouses and data marts. “Data warehouse™ is the
term used to describe a firm's central repository of integrated historical data; it is
the “memory™ of the firm, collcctive information on every relevanlt aspect of what
has happened in the past. A “data mart,” on the other hand. is a subset of a data
warchouse; it routinely holds information that is specialized and has been grouped
or chosen specifically to help companies make better decision on future actions,

Data Mining Versus Database Management

Data mining as a term for many years had an altogether different connetation than
it enjoys today; instead of being an analysis that finds useful patterns in data, it
carricd the meaning that the researcher was imposing a model on data, whether

9"Ex‘(raclin«.‘:; Velue from Chaos,” study spensored by EMC {June 20M). The multimedia content
may be viewed at hitps://www.emc.com/collaterallanalyst-reportsfidc-extra cting-value-from
-chaos-ar.pdf,
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it fit or not. It was a notably derogatory term. When someone was called a “data
miner. it was meant to be an insulting term applied to a person who tortured
data until it “told” the preconceived story the rescarcher wanted to tell, The term
data mining today denotes the analysis of databases, data warchouses. and data
marts that already exist for the purpose of discovering new patterns or 10 answer
some pressing question. Data mining is the extraction of useful information from
large, often unstructured databases: it is about extracting knowledge or informa-
tion from large amounts of data.'” Data mining has come to be referenced by a few
similar terms; in most cases, they all refer to much the same set of techniques that
we will refer to as data mining in this chapter:

« Machine (or supervised) learning

« Business intelligence/analyticsfanalysis

= Data-driven discovery

»  Knowledge discovery in databases (KDD)

Data mining is, however, quite separate from database management. Keogh points
out that in database management, queries are well defined; we even have a language to
write these queries (Structured Query Language or SQL, pronounced as “sequel”). A
query in database management might take the form of “find all the customers in South
Bend™ or “find all the customers that have missed a recent payment.”

Data mining. however, uses very different queries: they tend to be less strue-
tured and are sometimes quite vague. For example: “Find all the customers that
are likely to purchase recreational vehicle insurance in the next six months™ or
*aroup all the customers with similar buying habits.” In onc sense, data mining is
like statistical forecasting in that we are forward-looking in an attempt to obtain
information about future likely events and drive better decision-making.

Many companies are data rich. but some of those same companics are infor-
mation poor; data mining is the set of algorithms and techniques that can aid
firms in making sense of the mountains of data they likely alrcady have avail-
able. These available databases may be about customer profiles and the choices
those customers have made in the past. There are possible patterns of behavior
displayed in the data, but the sheer amount of the data will mask the underlying
patterns and even an cxpert rescarcher, testing for patterns she helicves will be
exhibited in the data, will miss a great deal of the information locked within.
Some of those underlying patterns may be interesting but unusable to a firm for
informing future decisions, but some patterns may be predictive in ways that arc
very worthwhile to firms. If, for example, you “know™ which of your customers
are likely to switch their supplier in the near future, you may be able to prevent
the customers from jumping ship and going with your competitor; it's always less
costly to keep existing customers than (o enlist new ones.'' The evidence shows

0 Hang, H. Mannila, and P. Smyth, Principles of Data Mining. Cambridge, MA: MIT Press, 2001

" amy Galle, * The Value of Keeping the Right Customers,” Harvard Business Revicw, Oclober 29,
2014 (httpsi/hbr org/201410/the-value-of keeping-the-right-customers)
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that it is from five to 25 times more expensive to obtain a new customer. If you
were to “know™ which customers were likely 1o default on their loans in the near
future you might be able 1o take pre-emptive measures to forestall the defaults
or you might be less likely to try and enlist such individuals in (he future. If you
“know™ (i.e., are able to predict) the characteristics of potential customers that are
quite likely to continually purchase your product or service, you would be better
able to direct your advertising and promotional efforts than if you were to blanket
the market with advertising and promotions: a well-targeted approach is usually
better than an unknowing “shotgun™ approach. Data mining can help to define the
appropriate target.

Patterns in Data Mining

What types of patterns can be mined? The answer is quite different from the pat-
lerns we expected to find in data with time series forecasting methods such as
the Holt Winters™ smoothing model. When a forecaster applies a Holt Winters®
smoothing model to time series data, the expectation is that the data contain some
level variation. some trend, and some seasonal variability. Expericnce with busi-
ness data has taught us to expect those pattern types in virtually all business time
series data.

Data mining, however, does not prespecify the patterns to be expected. In a
sense, there is no preconception of what will be found in the data with most data
mining techniques. We are simultaneously searching for several different kinds of
patterns in parallel. At the same time, we are measuring the certainty or trustwor-
thiness associated with the patterns we discover in somewhat the same vein as we
do in standard business forecasting.

THE TOOLS OF ANALYTICS

Shmueli. Patel, and Bruce use a taxonomy of analytics tools that is useful for
seeing the big picture. There are basically four categories of analytics tools or
techniques: they represent the four very general types of patterns we would [ike
to search across:

1) Prediction;

2) Classification;

3) Clustering (sometimes called segmentation); and
4) Association.

Prediction tools are most like the methods we have covered in previous chap-
ters that dealt with time series models and demand planning; these tools most
often attempt (o predict the value of a numeric variable (e.g., sales or ship-
ments). We might. for example, be attempting to predict the value of a piece of
residential property or the amount that an individual might contribute yearly to
a particular charity. The variable we are attempting to predict in these instances
could be a continuous variable. But the variable to be predicted could also be a
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categorical variable. For example, we might wish to predict whether an individual
will contribute to a particular cause rather than how much they might contribute
or whether an individual will make a certain purchase this year rather than how
much they likely will spend on the purchase. Prediction then involves two types
of variables: continuous and categorical.

Classification tools are the most commonly used methods in data mining.
Classification tools distinguish between data classes or concepts; the purpose
is to create a model that allows us to predict a class of objects whose label is
unknown to us. For instance, when you present your credit card fora purchase in
a retail store, the business must determine whether the impending transaction is
a legitimate one (i.e., you are who you say you are, you have requisite purchas-
ing power, ctc.). Businesses do not find it profitable to hand over merchandise
to everyone who presents a piece of plastic at the checkout counter. For this
reason. there is a short delay between when your card is swiped and when the
receipt begins o print. In those few seconds, a data mining algorithm’s rules
have been applied to your situation and a determination has been made: either
the transaction is in the classification of “legitimate,” or it is in the classification
of “illegitimate.”

Another example of classification involves banking. When you apply for abank
loan, your credit score is calculated based upon some personal characteristics, fi-
nancial characteristics, and personal characteristics such as age and family status.
That calculated credit score alerts the bank to the risk associated with making a
loan to you: the bank is attempting to classify you as a creditworthy customer or
an individual they would prefer sought a loan elsewhere.

Sometimes the classifications we are trying to make do not involve num-
bers at all; the U.S. Post Office must read the destination you place on a letter
(including the street name, city. and the zip code). If you have handwritien
the information on the envelope, it could be read by a human, but the Postal
Service has automated the process by allowing a data mining algorithm to
take the scan of the address and recognize (i.c., classify) the alphabetic char-
acters and numbers, even though a human has handwritten them. Even if the
algorithm has ncver seen your particular handwriting. it is able to recognize
the characters; you receive mail every day that has been subjected to such
a process.

Clustering (segmentation) analysis tools analyze data objects without con-
sulting a known class label. The classes of the objects are not input by the
user, it is the function of the clustering technique to define and attach the
class labels. The clustering technique generates the labels. Clustering tech-
niques group objects based upon maximizing the intraclass similarity and/or
minimizing the interclass similarity. Whether the clusters unearthed by the
techniques are useful to the business manager is subjective; some clusters will
be interesting but not uscful in a business setting, while others will be quite
informative and will also be able to be exploited Lo advantage. Universities
use cluster analysis to identify students with special needs; using the charae-
teristics of a given student’s background, the university is able to cluster the
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student with others who require some specialized attention or above-average
support in order to be successful.

Association rules discovery is sometimes called “affinity analysis.” It is
the discovery of rule attribute characteristics that often occur together in a
given data set. If you have been handed coupons al a grocery store checkout
counter, your purchasing patterns have probably been subjected (o association
rules discovery; Netflix will recommend movies you might like based upon
movies you have watched and rated in the past. In cach instance, an associa-
tion rules discovery has taken place. Amazon will offer items that you have
not selected but that they believe you may wish to purchase as a result of their
affinity analysis.

STATISTICAL FORECASTING AND DATA MINING

Data mining allow the
data itself w reveal the
patterns within, rather
than imposing the
patterns on the duta at
the outset.

In time series forecasting and demand planning, we sought verification of previ-
ously held hypotheses; that is, we “knew” which patterns existed in the time series
data we tried to forecast and we applied appropriate statistical models (e.g., Holt
Winter’s or regression) to accurately estimate those patterns. When an electric
power company looks at their load demand. they expect that past patterns, such
as trend, seasonality, and cyclicality, will replicate themselves in the future. Thus,
the elcetric utility might reasonably use a regression with independent variables
such as the previous day's temperature. the hour of the day, the day of the week,
and the month of the year as a model to forecast future electric usage. Data min-
ing. however, seeks the discovery of new knowledge from the data; it does not
seek to merely verify the previously chosen hypothescs regarding the types of pat-
terns in the data but seeks to discover new facts or rules from the data itself. Data
mining allow the data itself to reveal the patterns within, rather than imposing the
patterns on the data at the outset.

TERMINOLOGY IN DATA MINING: SPEAK LIKE A DATA MINER

The terminology used in data mining is a bit different than that used in statistical
forecasting models; while the terms are different. their meanings are quile similar,

Data Mining Terminology Statistical Terminology
Output variable = Target variahle Dependent variable
Algorithm Forecasting Model
Attribute = Feature Explanatory vaniable
Record Observation

Score Forecast

Courtesy of Eamonn Keagh,
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The subject of our interest in time series forecasting models and demand
planning models was termed the dependent variable or the Y-variable. It re-
ferred to the value we were forceasting. In a data mining world, the correspond-
ing term would be the “targel.” In some data mining algorithms, we specify
the target variable, but in a [ew algorithms, there is no analog of the dependent
variable and thus no target. Those variables that contributed toward forecasting
the dependent variable were called explanatory variables in our previous mod-
cls. Their analog in data mining would be “attributes.” In forecasting proper,
we spoke of using models (c.g., Holt Winters” model) but in data mining, the
proper term is a/gorithm. Our data sets in forecasting were made up of numbers
of observations. but in data mining, we refer to “records.” Finally. our goal in
using forccasting models was to make forecasts. In data mining, that process is
called “scoring.”

CORRELATION

Data mining thrives in
an environment that is
not data starved. but
rather data rich.

One term that means the same whether speaking either about data mining, time
serics forecasting, or demand planning is correlation. As explained in Chapter 2,
correlation is the degree of association between two variables or two data sets,
whether causal or not. The Pearson product-moment correlation coe [ficient usu-
ally designated by p (rho) for a population and r for a sample, measures not only
the direction of association but also its magnitude.

With forccasting data, we worked hard to reduce error raies in our models
and spent a arcat deal of effort in sampling, testing samples for bias, and ensur-
ing that our data represented the truc population we were ultimately represent-
ing. With the move toward using big data. we are going to worry much less
about whether our data in the remainder of the text represents the true popula-
tion: in some cases, it is the population (or close (o it). Data mining thrives on
an cnvironment that is not data starved but rather data rich. The quantity of data
is now so vastly abundant compared 10 just a few decades ago that the tools
we use to gain information from it must recognize the change in the situation,
Individual data points are such a small part of the big picture that we will spend
much less time worrying about whether they will bias the final result. In some
cases. even incorrect values and outright mistakes in individual observations
may be relatively unimportant in determining the final results. Much like the
“wisdom of crowds™2 eliminates errors because of compensating mistakes, big
data provides a vast mesh of data in which a few mistakes will not affect the
outcomes predicted by the preponderance of the data.

There is nothing inherently messy or mistake prone in big data: it's just that the
data scientist may be a bit less troubled by mistakes or messiness because of the

12 James Surowiecki. The Wisdom of Crowds. Why the Many Are Smarter Thon the Few and
How Collective Wisdom Shapes Business, Economies, Societios and Natons, New York:
Knop! Doubleday Publishing Group, 2004.

-
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sheer volume of the data. Logic would say that spending great effort and expense to
correct mistakes in the big data may make little economic sense unless the results
would appreciably change. The mantra of the data scientist may be “more data is
better than less.” With more data and lots more than we have used in any analysis up
to this point, we can put aside the interest in larger and more random samples and
live with some mistakes and missing observations. Conventional forecasting based
on [requentist statistics is increasingly at odds with reality. The age of big data has
arrived and along with it data of varying types (numbers. text, video. audio, etc.)
and varying quality. Not only will this big data not fit into neatly delined categories,
but the answers we seck may not even be visible before we begin the analysis. The
data we analyzed and predicted in previous chapters was often created with SQL.:
it was by definition “structured™ to begin with and rigid. Our shill in this and the
remaining chapters is to accept data of varying types, sizes, and messiness. The
plummeting costs of data storage and processing power are pushing the industry
toward computationally intensive predictions.

Early Uses of Analytics

Everyone reading this has cxperienced suggestions from a website. in their morn-
ing email or from an in-store reminder app like those used by McDonald’s, Burger
King, and Walgreens. Sometimes these suggestions seem to be reading your mind.
and at other times they just feel intrusive. They don't have o be on larget all the
time; they just have to be predictive some of the time (and they are). One of the
carly developers of the “recommendation engine,” for want of a better term, is
Greg Linden. He's written a blog about the early (1997) days he spent at Ama-
zon." In a rundown brick structure near Pike's Place Market in Scattle. he started
working for the small Internet book seller (i.e.. Amazon): in 1997, the concept of
online book sales, or sales of anything online, was quite novel. Nobody knew if
this would work. Did people really want to purchase anything online?

Linden started as a coder assigned to projects that placed him in contact with
the early data collected by the small online company: he worked first on dis-
counts. We would probably call it dynamic pricing these days. Al some point.
Linden began the early work on recommendations with BookMatcher, but he soon
created an altogether different recommendation engine that operated in real time
and was scalable. Based on what people hought, the engine started making rec-
ommendations of other things they might like to buy. What was originally done
by humans at Amazon actually worked in real time: unfortunately, most of thosc
humans lost their jobs when it became clear that the data driven recommendation
engine could do a better job (and probably at lower cost). “Accerding to Sucharita
Mulpuru, a Forrester analyst, Amazon’s conversion to sales of on-site recommen-
dations could be as high as 60 percent in some cases based on the performance
of other e-commerce sites."!* So. if you are expecting fewer recommendations in

B http:f/glinden.blogspet.com/2006/05/carly-amazon-end. html,

M Mangalindan, J. P, “Amazon’s Recommendation Sccrel” Fortune, July 30, 2012 (hilpv/fortune
.com/2012/G//30/amazons-recommendation-secret,
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the future. you are probably out of luck: the recommendation systems work and
increase the profits of the companies that use them. Some of us actually appreci-
ate the service from time to time.,

But how does any recommendation enginc work? At the core of these algo-
rithms is the concept of correlation, the same correlation we covered in Chapter 2.
Correlation is certainly a useful tool when working with samples of data, but cor-
relation becomes a sledgehammer in the hands of a data scientist who has access
to big data. According to Linden. these engines arc often based on a clustering
algorithm that, in part. has its basis in correlation. Correlation is not causation.
How can it be used for making suggestions?

The “mechanism of action” that would tell us exactly why someone might
purchase something would be very valuable to know and allow us to build
recommendations. But in the real world, we do not need to know the mecha-
nism of action; we only need to know when two things are related. With big
data and correlation, there is no certainty, just probability. As our calculated
probabilities become better than guesses, our recommendations become more
and more useful. With large amounts ol data and correlation. we can find
links that are useful; Amazon does it every day to great advantage. In 2004,
Hurricane Frances was headed toward the Florida coast and Walmart was
tracking the storm. A week before the hurricane hit, Walmart's CIO requested
information on what had happened at Walmart stores when other hurricanes
had occurred. She was locking for correlations. What correlated with a hur-
ricane? The shopping history from Walmart stores indicated that Pop-Tart
sales spiked up Lo seven times the normal rate when a hurricane was immi-
nent. Walmart started predicting what to do based on correlations. The deci-
sions they made to change inventories certainly benefited Walmart, but they
also provided a welcome service to individuals in the affected area.'” With
3.600 Walmart locations and over 100 million customers per week in those
stores in 2004. Walmart had plenty of data with which to make correlation
calculations.

Walmart probably didn’t have a hypothesis that described why they were
secing spikes in Pop-Tart sales: they just needed the correlation to create a
clear case for corporate action. When we examined regression models. we
were building causal models; we assumed that changes in our independent
variables were causing the changes we observed in the dependent variable.
We had good reason to believe that these causal models were accurate; econo-
mists. for example, call the causal relationship between price and sales “the
law of demand.” The models we will describe in the coming chapters, how-
ever, do not imply causality and often do not rely on any hypothesis such as

5 Canstance L, Hays, "What Wal-Mart Knows About Customers' Habits,” The New' York Times,
November 14, 2004 [http'ﬂmvw,nytimes.comi2004a"l1Il4Jbuaines;sfyourmonawwh.n—walmarl
-knows-about-customers-habits.htmi?_r=0).



~

Predictive Analytics: Helping to Make Sense of Big Data 415

the Iaw of demand. We have been very concerned with exactly what variables
to include as independent variables in a regression; the AIC and BIC were
described as tools that would help in the sclection of appropriate independent
variables. But with big data available, it may nol be necessary to spend as
much time on selecting which variables to examine. It is correlation that is
going 1o be the basis of our predictions.

THE “STEPS” IN A DATA MINING PROCESS

One of the important commercial analytics software companies, SAS. has an ap-
proach they teach users that are embedded in their software as a series of steps.
The tabs in SAS Enterprise Miner are labeled SEMMA. which is an acronym for
Sample. Explore, Modify, Model, and Assess.'®

The explore activity involves all those activitics we referred to as data cleansing in
earlier chapters. Missing data must be handled intelli gently. The collected data may
contain mistakes such as values outside reasonable ranges. People represented in the
data may be referenced in a number of ways; Joseph Smith might also be listed as Joe
Smith and J. Smith. Are they the same person? We don’t wish to count them three
limes as separate individuals if we can correctly combine the records and attribute
all the characteristics to a single individual, Measurements in the data are important;
some of the techniques are topographical, and consistency may be important. Time
periods, if used, should be understood. The explore activity may involve ¢xamin-
ing the data graphically, creating summary statistics of the attributes, or running an
“audit” of the values in the data. In some cases, the data may need modification, but
that will first require a clear understanding of the data as it is.

Modify may involve creating, selecting. or transforming data. Part of the
modification may be eliminating rare variables, climinating records with missing
variables, replacing missing values, or modifying the data set attributes in some
manner.

The model phase of this methodology is what most probably think data
mining is all about. In the model phase. your goal will be to determine the data
mining task required (classification, prediction, clustering, etc.), select an ap-
propriate algorithm, and set whatever paramelers are necessary to execute the
process. Understanding exactly what the algorithm does is an important part
of making the correct selection; the following chapters will detail the pro-
cesses used by the most important data mining (and text mining) algorithms. It
is in the model phase that we fit the predictive analytics algorithm by training
the model with a portion of the data.

The final step is to assess the results obtained. It may involve making a choice
among a number of different algorithms chosen as candidates for the analysis,

"8 SAS Institute. Applied Analytics Using SAS Enterprise Miner. Carey, NC.: SAS Institute, Inc.,
201, pp. 1-7-1-9,
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Testing the final model is performed by data scicntists in a manner that mimics
our use of a “holdout™ or “holdback™ in traditional forecasting. Because most of
the data we use in data mining is not time series data, it is possible to make many
partitions of the data: some we use for training the algorithm, and others we use
for validating the results.

THE DATA ITSELF

Beginning a project in analytics will always involve some preliminary steps before
we can begin the more interesting portion of the analysis: these beginning steps
are not optional and will be performed cach time we begin to analyze new data.
Data scicntists always perform their data analysis on less than the total number
of records that are available. This will allow the validation of whatever algorithm
is chosen. Different algorithms will also have varying limitations on what types
of variables they are able to handle and the numbers of records and attributes.
The software used and the computing power may also be a consideraion on the
amount and type of data that can be handled.

The types of variables used differ from traditional forecasting because there
are more types available in unstructured data. There are several ways of classi-
fying variables. Variables can be numeric or text (character). The data can be
continuous (taking on any real numeric value). integer values, or categorical
(taking on one of a limited number of values such as *1.7 -2, or *3"). Cat-
egorical variables can also be cither numeric or text (loan, mortgage. CD, or
checking account). Continuous variables like those we have commo nly used in
forecasting can be handled by most data mining algorithms. The Naive Bayes
algorithm will be unusual because it will exclusively accept categorical vari-
ables. Because much of what follows involves classification as a zoal. some
continuous variables will be transformed into categorical variables (data min-
ing softwarc includes routines to handle this process). Unordered categorical
variables, however. cannot be used as is. They will commonly be decomposed
into a scries of dummy binary variables. To do this, you should remember
the “iron law ol dummy variables.” which states that the maximum number
of dummy variables must be one less than the states of nature. For example. a
single variable that can have possible values of male or female woald be split
into two dummy variables of which only one would be used in analysis (either
one could be used):

Male — /0
Female — 1/0

Only one of these variables would be used Lo represent an individual's gender
(just as we only used three dummy variables to represent four quarters of the
year). Creating dummy variables from categorical variables is usually done in the
software: in text mining. it will become part of the dimension reduclion process
that is the hallmark of text mining.
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Il we put too many
attributes (or try to
account for too many
pattemns) in & model.
including some
unrelated to the target,
we are overfitting.

FIGURE 8.6

Fitting Example: The
Curved Line
Represents the True
Underlying Model.
The Straight Line
Represents a Trend
Model. The Circles
Represent the Actual
Sample Data Points.

FIGURE 8.7

The True Model
(Lighter Linc) and a
Reasonable Estimate
(Darker Line) are
Shown on the Left.
The True Model and
an Overfit Estimate
(Dark Line) are
Shown on the Right.
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Overfitting

When we include more attributes in the process, there is always a risk of
overfitting the data. What is overfitting? If we put too many attributes (or try
lo account for too many patterns) in a model. including some unrelated to the
target. we are overfitting. 1f we put too few attributes (or try to account for too
few patterns) in the algorithm, leaving out attributes (or patterns) that could
help explain the target, we are underfitting. Data scicntists are always trying
to balance the possibility of overlitting against the possibility of underfitting.
Suppose we have some data that follow a cubic model:

Y=10-8x+4dv+ 14

The true model is shown in Figure 8.6 as the curved line that looks like a
sinoid. The circles represent data points in our data set that have random varia-
tions about the true model. The straight line running from upper-left to lower-right
is a trend line; note that it does a very poor job of describing the true model.

I we used a cubic function to estimate the true model, we would et a result like
that in the left pane of Figure 8.7: the true model and the estimate are quite alike.
Alternatively, we could connect up all the data points with a smooth but complicated
polynomial function. one that explains all these data points perfectly and leaves no
error (residuals). This can be seen in the right-hand pane in Figure 8.7. The model

T ___I"I
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estimate gocs through every data point, and the fit to the data is thus perfect. However,
this estimate would do a very poor job indeed of predicting future iteration: of the pat-
tern: it has been overfit. It has fitted the noise as well as the actual pattern in the data
and noise. because it is random, cannot be predicted well in a future period.

Accuracy and Fit (Again)

The primary goal in model construction is to describe relationships among attributes
so that this description will do a reasonable job of predicting future outccme (target)
values on the basis of future predictor (attribute) values. We certainly want the model
estimated to do a good job in representing the data we now have (our known data set).
But what we want more importantly is for the model to have predictive power outside
the known data sct. We want “accuracy” and not just “fit" to be a characteristic of the
chosen model. But if we model the noise in the data (as well as the true signal), we
end up explaining incorrectly some variation in the data that was nothing more than
chance variation. We will be guilty of mislabeling the noise in the data as if it werce
part of the true signal. This is the classic definition of overfitting the model. In such
a case, the misclassification rate will be extremely low (maybe even zero) with the
known data, and thus the model will appear to be predicting well.

However, this low misclassification rate on the known data is misleading be-
cause it includes a representation of what in the known data was actually just
noise (random variation unable 1o be predicted in future data). Some of the data
mining models we will examine are s0 good at classification that they have a natu-
ral tendency to overfit the known data (much like ARIMA models). We will have
to recognize this and correct for the tendency.

Some Other Data Considerations

Data mining differs from previous models we have used in that many more vari-
ables (i.c., attributes) may be used at one time. While we want the attributes 10
be correlated to the target, we should also be concerned when they arc highly
correlated with one another. The overfitting problem may be exacerbated by the
inclusion of highly correlated variables. Some of the data mining algorithms are
highly sensitive to attributes correlated one with another. It may also be costly to
colleet variables that simply “tell the same story™ as variables we slready have
in the data. “Dimensionality” of a model is the number of attribute or predictor
variables used hy the model. A standard practice in data mining is finding ways to
reduce dimensionality without sacrificing accuracy.

Data mining software often includes an “audit” routine to allow the data
scientist to examine different aspects of the data that might otherwise be ob-
scured in a tabular format. In XLMiner®. the user may examinc any of the
target or attribute variables in a number of dimensions. The Universal Bank
data is a data set with approximately 5,000 customers of a bank with a broad
range of attributes available for each customer. We might. for ‘nstance, be
considering an analysis of what the characteristics arc of an individual who
holds a personal loan with the bank (Figure 8.8). An “audit” of the personal
loan variable produces an answcr.



FIGURE 8.8

The Personal Loan
Yariable from the
Universal Bank Data
Set Produced Using
the “Explore” Feature
in XLMiner®.

(C8F8)

Svurce: Frontline Syslems Inc.

FIGURE 8.9
The Data Handling
Section of XLMiner®©.

Suurce: Frontline Systems Ine.

Predictive Analytics: Helping 10 Make Sense of Big Data 419

100.00% 5000
80.00¢¢ - - 4000

» | 60.005 - L 3000

2

5

=

3

& | 40,009 - 2000
20,005 L 1000
0.00% | : ; : W L9

i
] T T T B T v |
0.055 0181 0307 0433 0559 0685 0811 0937

Personal Loan v

The number of individuals who hold a loan with the bank is quite small: it is only
about 10 percent of the customer base (about 500 individuals). This fact may be useful
when we begin modeling bank customer behavior; if we are interested in predicting
customers who will take out a loan, we should realize that only a small portion of the
customer base fits into that category. In this particular situation, no missing data or
possible outliers were detected, and so no action was necessary, but if either of these
two instances occurs, some action will be necessary. Again, the data preparation of
your analytics software will contain options for these situations,

The “Transform™ drop-down menu in XL Miner® (Figure 8.9} will allow both
the handling of missing data as well as the transformation of data that may con-
tain outliers; locating possible outliers may be accomplished with the “Explore™
drop-down menu.
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Partitioning and
testing for accuracy
are standard practice in
analytics.

Sampling/Partitioning

In most cases. we will not use the entire data set to build a model: since our data
is not lime series. we have the ability to “partition” the data, using one partition to
build the model and the other partition to test the model's accuracy. This partition-
ing and testing for accuracy are standard practice in analytics, and it has its roots
in the “holdouts™ or “holdbacks™ we used when testing the accuracy (cs opposed
to [it) of standard forecasting models.

We can use our Universal Bank data to demonstrate this basic analytics pro-
cedure. The entire data set consists of 5.000 records: cach record is an individual
bank customer. If we build the model using the cntire data set. we do not have
any effective way of estimating how well the algorithm will work on :lassifying
unseen data. Our goal here is to predict (classify in this case) whether an existing
bank customer is likely to take out a personal loan: we will use all the attributes of
bank customers 1o aid in the prediction.

Instead of using the cntire data set of 5,000 records. we partition the data into two
parts. The partition we usc 10 build the model is traditionally called the “Training™
data. while the remainder of the data forms the partition we call the “Validation™ data.
Since the data is not time serics data and the order of the data is not important, we miy
randomly create the partition. The important point here is why we create the partitions
in the first place. The two partitions are created in order to allow the data scientist to
gauge the accuracy of the created model. We are interested in comparing the perfor-
mance of this model with others so that we may choose the onc we believe will per-
form the best when used in actual practice. Why not just choose the model that works
best (in terms of fit) on the entire data set? Why partition at all? The answer is that
when we use the same data 1o both build and test the model, we introdu.e bias. The
model chosen in this manner would suffer the chance that some features of the data
happen to match the chosen model better than any other model. and that is the main
reason this model was chosen. If we are using an algorithm that is prone Lo overfitting
(and some data mining algorithms are). using the entire data set to build the model will
almost certainly result in overfitting: the overfitting will result in great “[it” but quite
poor “accuracy.” Since ultimately it is accuracy we desire in our madels, we had best
partition and build as a matter of praclice.

[n XLMiner", there is a partitioning menu (Figure 8.10) that allows the construc-
tion of a standard data partition, including a training data partition and a validation
partition: the defaults are set o choose 60 percent of the records for the training,
partition and 40 percent of the records for the validation partition. The records for
cach partition are randomly chosen with the random number generator either using
a set “seed”” number (so that the results may be reproduced exactly) or with a seed
number generated by the software. The latter method is chosen in actual practice,
but we will use the seed number 12345 so that the results may be exactly duplicated.

The validation portion of the data is not used to build the mode! and is only
used after the model is built to test whether or not it works well on unseen data
(i.c., the validation data partition). To test how well the mode! performs on the
validation partition, data scientists use a number of measures (nonc of which
we have used up to this point). The standard diagnostics we have used in past
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FIGURE 8.10 Data Partition Menu in XLMiner", (CS8FS)
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chapters. such as MAPE and R2, are measures of fit and may not be appropriate
to data mining algorithms. I we are classilying a categorical variable, a misclas-
sification rate is one useful measure of model performance. A “1ift chart™ that
reorders the predicted classifications may provide even more information on per-
formance. A “confusion matrix” (also called a coincidence matrix) will provide
additional information about model performance.

Diagnostics (Evaluating Predictive Performance)

In the Universal Bank data, we are sceking to predict the state of a calegori-
cal variable titled “personal loan.” The model will either predict an individual is
likely to take out a personal loan given the individual's attributes (us detailed in
the data) or the individual is unlikely to do so. The target (what we are predicting)
consists of just two categories, and the model will decide which is more likely for
every individual scored. In Chapter 9. we will detail the specifics of the modcl
we might use. but for now. we will examine the results of the modeling process.
We have obtained the data, cleaned it up to eliminate missing attribute values and
adjust outliers, and partitioned the data into training and validation data partitions.

The Confusion Matrix and Misclassification Rate

We normally request diagnostic statistics on both partitions of the data, although
the results for the validation partition (the unseen data) arc most relevant to evalu-
ating the maodel.
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FIGURE 8.11 Universal Bank kNN Model Validation Partition Confusion Matrix and Error Report where
n = 2,000 or 40 percent of the 5,000 Records. (C8EF8)

Source: Frontline Systems [ne,

Validation: Classification Summary

Confusion Matrix

- - v

1809 3
80 108,
Error Report
1812 3  0.165562914
188 80 42.55319149
2000 83 4.15,

Figurc 8.11 shows the validation partition confusion matrix; recel] that this
indicates model performance in classification on data that was not used to build
the model. A matrix like this one is a standard output in data mining when a clas-
sification is the goal. The matrix gives results for the correct (i.c.. true| classifica-
tions and the incorrect results or misclassifications. Thesc are estimates. but if the
model has a sufficiently large data set to examine. the results are likely to be accu-
rate. We would expect the confusion matrix for the training data to provide betier
results: in this case, it does (see Figure 8.12). Note the figure in the far lower-right

FIGURE 8.12 Universal Bank kNN Model Training Partition Confusion Matrix and Error Report where
n = 3,000 or 60 percent of the 5,000 Records. (C8F8)

Source: Frontline Systems Ine.

Training: Classification Summary
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The Iifi chart and its
resulting lift culculation
is the standard for
accuracy in dala mining.
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of the Error Report; this is the misclassification rate on the cntirc partition, The
misclassification rate for the training data partition is a very low 3.4 percent. The
same rate for the validation partition is a somewhat higher 4.15 percent. Both are
quite low, but the algorithm performs a bit better on the partition that was used
to build the model, the training partition, and a bit worsc on the validation parti-
tion. The estimated misclassification rate js calculated by taking the total records
scored incorrectly (80 + 3 in the validation partition) and dividing it by the total
number of records classiflicd (80 + 3 + 1809 + 108 in the validation partition),

(80 + 3) - . o
CFRES 800+ T08) = 0.0415 0r4.15%

The same calculation could be made for the training partition.
(98 + 4) _ i
(mm 194) = 0.0340 or3.4%
If the data set is reasonably large, the misclassification estimates are probably
reasonably accurate.

The Lift Chart

Another routinely used diagnostic device is 1o use a “lift chart.” The lift chart and
its resulting 1ift calculation is the standard for accuracy in data mining. A useful
way to think of a lift chart is to examine the Universal Bank model that attempts
to identify the likely individuals who will take out a personal loan by assigning
each case a “probability of responding™ score. The lift chart helps to determine
how effectively the model can reorder the data sel, placing those individuals who
will take out a loan at the top of the list and those that are unlikely to do so at
the bottom of the list. according to their scores. To construct a lift curve, we use
the validation data set after it has been “scored” by appending to cach case the
estimated probability that it will belong to a given class. The data partition is then
reordered from “most likely™ to “least likely™ to accept a loan.

Itis convenient to look at the lift chart (sometimes called a cumulative gains chart
when displayed in the default manner of XLMiner®), which summarizes the infor-
mation into a graph. The graph is constructed with the cumulative nu mber of cases
(in descending order of probability) on the x-axis and the cumulative number of true
positives on the y-axis. as shown in Figure 8.13. True positives are those observa-
tions from the important class (here “take out a personal loan™) thal are classified
correctly. Figure 8.13 is the corresponding lift chart. The 45-degree line is a reference
line. For any given number of cases (the x-axis value), the 45-degree line represents
the expected number of “successes™ we would predict if we did not have a model
but simply sclected the most common category. Remember that the most common
catcgory for this data set was “do not take out a personal loan.” It provides a bench-
mark against which we can see the performance of the model. Because this reference
line is drawn by assu ming (hat we always choose the most prevalent category when
scoring a new record, it is called the naive model. and we use it as a reference in the
Same manner we used a somewhat different naive model in previous chapters. The
fact that the cumulative gains curve rises above the reference line indicates that the
model estimated has *1ift,”
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FIGURE 8.13

The VYalidation
Partition Lift Chart
{or Cumulative Gains
Chart as Shown in the
XLMiner” Default) for
the Universal

Bank Classification,
(C8F8)
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The same information may b

¢ displayed using ene of the alternative lilt charts in

X1.Miner” called the decile-wise lift chart, as in Figure .14 The x-uxis displays the
10 deciles in the validation partition. while the y-axis shows the lift associated with
cach decile. Note carefully that the data used to construct the chart is again reordered
so that the most likely individuals to take out a loan (i.c., successes) are at the top of
the data partition and the records representing individuals not likely to take out a per-
sonal loan are at the bottom of (he data partition. The bars show the factor by which
our mode! outperforms a naive model. Reading the first bar on the left, we sce that
taking the first 10 percent of the records that are ranked by the model as the most prob-
able individuals to take out a loan yiclds almost eight times as many correct classifica-
tions as would a random sclection of 10 percent of the records (i.c.. the naive model).
That “eight times™ as successful asa naive model is the lift associated with this model.

XLMiner"” has one additional way of displaying the same information: it is perhaps
the most standard manner in which to display lift. Figure 8.15 shows the “true” lift chart
with deciles on the x-axis. Most data mining soltware uses this standard type of display
for lift. Remember again that we have always reordered the records from most likely to
least likely before drawing the chart: failure to recognize this makes the chart impos-
sible to interpret. Looking at the first decile in Figurc 8.15 (0.1 on the x-uxis) and fol-
lowing up to see the height of the fitted classifier at that point gives a number on the y-
axis of between § and 9: this is the measure of 1ift for the first 10 percent of the records,
or we could say it is the lift of the first decile. Note that we have accounted for most of
the successes in the first decile: the lift curve in Figure 8.15 falls off quickly after the

—
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FIGURE 8.14
Decile-wise Lift Chart
for the Universal
Bank Classification.
(CBF8)

Source: Fronthne Systems Ine.

FIGURE 8.15

The “alternative™
Lift Chart from
XLMiner® for the
Universal Bank
Classification. This is
the Standard Display
Format used by Most
Data Mining Software
Packages. (C8F8)

Source: Frontline Systems Ine.
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first decile. There were very few successes in the entire data set (we know that from
our audit of the data), and most of those successes are accounted for in the first decile.
This model appears Lo be highly predictive in categorizing bank customers in the first
few deciles (the ones on the left of the chart). These first few deciles are of most interest
to the data scientist. If we wanted (o target customers for a personal loan campaign, we
would only approach those near the top of our reordered list. The model has reordered
the list by using the attributes considered in the analysis to categorize individuals as
either successes or failures (i.e., “take out a loan™ or “do not take out a loan™).

THE RECEIVER OPERATING CURVE (ROC) AND AREA UNDER
THE CURVE (AUC)

FIGURE 8.16

The Receiver
Operating Curve for
the Universal Bank
Classification.
(C8F8)

Source: Frontline Systems Inc.

There is one final way of displaying cssentially the same information. It is another
method of explaining lift. It was developed during WWII by radar engineers (not data
scientists). The engineers were using signals Lo detcct hostile aircraft in the battlefield,
and they wanted to better visualize the trade-off between correctly and incorrectly
identifying an aircraft as a foe. The method they devised is called a receiver operat-
ing curve (ROC); Figure 8.16 shows the ROC for the Universal Bank classification
model. The ROC provides an especially handy way 1o comparc competing algorithms
with a single number. It uses the same variable on the y-axis as the lift curve but
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expressed as a percentage of the maximum. The x-axis displays the false positives,
also expressed as a percentage of the maximum,

Thus, the receiver operating curve is a plot of the true positive ratc against the false
positive rate. Another way of saying this is to say that the curve shows the trade-off
between sensitivity and specificity (any increase in sensitivity will be accompanied by
a decrease in specificity). Higher sensitivity will eventually find all the likely loan ap-
plicants, but it will also misclassify a large number of individuals as likely to take out a
loan. Higher specificity, on the other hand. will eventually preclude incorrectly select-
ing any individuals as loan candidates, except ones who are certain to accept an offer,
but it will also miss many likely loan candidates. Once again, recall that the data has
been reordered according to the algorithm from most successful to least successful.

The closer the curve follows the left-hand border and then the top border of the
ROC space, the more accurate the algorithm. The curve allows you to quickly access
the false positive rate that is associated with a true positive rate. The area under the
ROC curve (designated as AUC or “Area Under the Curve” in XLMiner”) is a reflec-
tion of how good the test is at distinguishing (or “discriminating”) between likely
loan takers and those individuals not likely to take out a loan. The greater the area,
the better the algorithm. Look at Fi gure 8.16, which shows a good test (that has a high
sensitivity and specificity) and an AUC of 0.921. A worthless classification model
would be described by the diagonal line in Figure 8.16.

What Is to Follow

In the following chapters, we will learn about and employ a number of classification
algorithms. Why explain more than one classification algorithm? Each algorithm
has its strong points and weaknesses. Just s with physical tools, it is best to use the
appropriate 0ol for the particular job. Driving in a screw with a hammer is possible
but not recommended. We will also learn about and employ clustering techniques:
these algorithms are a form of unsupervised learning (because there is no larget).
Finally, we will lcarn about text mining; this will be a foray into unstructured data.
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Exercises
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I. A classification model’s misclassification rate on the validation data is a belter mei-
sure of the model's predictive ability on new (unseen) data than its misclassification
rale on the training data. Explain whether this stalement is accurate and why that is so.

2. The first step in data mining procedures according o SAS and IBM/SPSS ix to “sample”
the data. Sampling here refers to dividing the data available lor analysis into at least two
parts: a training data set and a validation data set. Why do both SAS and IBM/SPSS rec-
ommend this as a first step? What are the risks of ignoring this procedural requirement?

3. How do “structured” and “unstructured™ data dilfer? Which is the more prevalent
form of data? How would the following be classified: numbers in an Excel spread-
sheet. a thousand text files. a thousand video images. and a thousand audio files?

4. In the Universal Bank classification model estimated with XLMiner"”. the software
produced the validation data set lift chart shown.
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How is the naive model displayed in this diagram? What does the other line in the
model represent?

5. Some data mining algorithms work so “well” that they have a tendency to overfit the
truining data. What does the term overfit mean. and what difficultics docs overlooking
it cause lor the data scientist?
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. The validation data sel confusion matrix for the Universal Bank duta classification

model is shown.

Validation: Classification Summary

'Confusﬁon Matrix

4

Sourcer Frontline Systems Ing,

How many records were in the validation data ser? How many of these records were
correctly classified by the algorithm? How many records were incorrectly classified?
What is the “misclassification rate” for the cntire validation data set? Would you pre-
dict that the misclassification rate for the training data set would be hj gher or lower on
average than he rate you calculated for the entire validation data set?

. Show the computation for the misclassification rate of this confusion matrix.

| Confusion Matrix

970 20

Source: ramline Systems Ine.

- In the Universal Bank duta in this chapter. only 10 percent of the records represented

customers who had taken out a personal loan (the target variable). If we were to score
d new customer based upon the attributes we used in the algorithm, we would be ac-
curate in the prediction about 90 percent of the time if we always scored the individual
as “not accepting a personal loan™ because that indeed is what most customers have
done in the past. Why not aceept being correet 90 percent of the time with this very
simple decision rule?

Data has the characteristic of “nonrivalry.” What is nonrivalry and why is it important
to realize that data has this characteristic?

The lift chart and the confusion matrix are both standard diagnostic tools used to
cvaluate a data mining algorithm. Don’t the two measures display the same informa-
tion? Explain any differences between the two measures.



