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• Multiple Regression
• Regression Trees
• Bootstrap Forest
• Boosted Tree
• Neural Network

• Decision Trees
• Logistic Regression
• Discriminant Analysis
• Bootstrap Forest
• Boosted Tree
• Neural Network
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“We are often interested in understanding the way that Y is affected as X1, 
. . . , Xp change. In this situation we wish to estimate f, but our goal is not 
necessarily to make predictions for Y . We instead want to understand the 
relationship between X and Y , or more specifically, to understand how Y 
changes as a function of X1, . . .,Xp. Now cannot be treated as a black 
box, because we need to know its exact form.” 

Inference

Excerpts from pages 19-20, An Introduction to Statistical Learning, James, et al (Springer) 
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“… consider a company that is interested in conducting a direct-marketing 
campaign. The goal is to identify individuals who will respond positively to a 
mailing, based on observations of demographic variables measured on 
each individual. In this case, the demographic variables serve as predictors, 
and response to the marketing campaign (either positive or negative) 
serves as the outcome. The company is not interested in obtaining a deep 
understanding of the relationships between each individual predictor and 
the response; instead, the company simply wants an accurate model to 
predict the response using the predictors. This is an example of modeling for 
prediction.”

Prediction

Excerpts from pages 19-20, An Introduction to Statistical Learning, James, et al (Springer) 
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Inference & Prediction

Excerpts from pages 19-20, An Introduction to Statistical Learning, James, et al (Springer) 

“Finally, some modeling could be conducted both for prediction and 
inference. For example, in a real estate setting, one may seek to relate 
values of homes to inputs such as crime rate, zoning, distance from a 
river, air quality, schools, income level of community, size of houses, and 
so forth. In this case one might be interested in how the individual input 
variables affect the prices—that is, how much extra will a house be worth 
if it has a view of the river? This is an inference problem. Alternatively, 
one may simply be interested in predicting the value of a home given its 
characteristics: is this house under- or over-valued? This is a prediction 
problem.”
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“… consider a company that is interested in conducting a direct-
marketing campaign. The goal is to identify individuals who will 
respond positively to a mailing, based on observations of 
demographic variables measured on each individual. In this 
case, the demographic variables serve as predictors, and 
response to the marketing campaign (either positive or negative) 
serves as the outcome. The company is not interested in 
obtaining a deep understanding of the relationships between 
each individual predictor and the response; instead, the 
company simply wants an accurate model to predict the 
response using the predictors. This is an example of modeling for 
prediction.”

Prediction

Excerpts from pages 19-20, An Introduction to Statistical Learning, James, et al (Springer) 
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“But, in general, we do not 
really care how well the 
method works on the training 
data. Rather, we are interested 
in the accuracy of the 
predictions that we obtain 
when we apply our method to 
previously unseen test data.”

page 30, An Introduction to Statistical Learning, James, et al (Springer) 



• What is it?
• What can it do? (use cases)
• How does it work?
• JMP Mechanics
• Interpret results (statistically)
• Interpret results (application)
• How to apply the results
• How to understand the managerial 

implications
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WHAT IS IT?
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Multiple Linear Regression is an approach for predicting a 
quantitative response variable (Y) with one ore more predictor 
variables (X).

All performance in Predictive Analytics is based on the validation set and not the training set



HOW DOES IT WORK?
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“A famous expression attributed to the imminent 
statistician George Box is “essentially, all models are 
wrong, but some are useful” (Box and Draper, 1987). 
Useful models give us accurate insights into the 
relationships between the inputs and outputs of the 
process, and allow us, for a given set of inputs, to 
make good predictions about the output. However, 
according to George Box, any statistical model we 
choose to describe the behavior of a process or make 
predictions about a process is, at best, an 
approximation. “

Draft version - Chapter 8, Building Better Models with JMP, Grayson, Gardner and Stephens (SAS) 
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Draft version - Chapter 8, Building Better Models with JMP, Grayson, Gardner and Stephens (SAS) 
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Draft version - Chapter 8, Building Better Models with JMP, Grayson, Gardner and Stephens (SAS) 
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Cross 
Validation 
Method: 
Hold Out 
Sample

Draft version - Chapter 8, Building Better Models with JMP, Grayson, Gardner and Stephens (SAS) 
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Draft version - Chapter 8, Building Better Models with JMP, Grayson, Gardner and Stephens (SAS) 
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Tradeoff:  Bias v Variance

Figure 2.8, An Introduction to Statistical Learning, James, et al (Springer) 

“Variance refers to the amount 
by which the f-hat would change 
if we estimated it using a different 
training data set.

… bias refers to the error that is 
introduced by approximating a 
real-life problem, which may be 
extremely complicated, by a 
much simpler model.”
Excerpts from pages 34-35, An Introduction to Statistical 
Learning, James, et al (Springer) 
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Figure 2.7, An Introduction to Statistical Learning, James, et al (Springer) 

Tradeoff:  Flexibility v Interpretability



WHAT CAN IT DO? (USE CASES)
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Andrew Pole had just started working as a 
statistician for Target in 2002, when two colleagues 
from the marketing department stopped by his 
desk to ask an odd question: “If we wanted to 
figure out if a customer is pregnant, even if she 
didn’t want us to know, can you do that? ”

http://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-
her-father-did/
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So Target started sending coupons for baby items to 
customers according to their pregnancy scores. Duhigg 
shares an anecdote — so good that it sounds made up —
that conveys how eerily accurate the targeting is. 

An angry man went into a Target outside of Minneapolis, 
demanding to talk to a manager:

http://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-her-father-did/
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“My daughter got this in the mail!” he said. “She’s still 
in high school, and you’re sending her coupons for 
baby clothes and cribs? Are you trying to 
encourage her to get pregnant?”

The manager didn’t have any idea what the man 
was talking about. He looked at the mailer. Sure 
enough, it was addressed to the man’s daughter 
and contained advertisements for maternity 
clothing, nursery furniture and pictures of smiling 
infants. The manager apologized and then called a 
few days later to apologize again.

http://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-her-father-did/
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http://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-her-father-did/
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Almost every major retailer, from grocery chains to investment 
banks to the U.S. Postal Service, has a “predictive analytics” 
department devoted to understanding not just consumers’ 
shopping habits but also their personal habits, so as to more 
efficiently market to them. “But Target has always been one of the 
smartest at this,” says Eric Siegel, a consultant and the chairman of 
a conference called Predictive Analytics World. “We’re living 
through a golden age of behavioral research. It’s amazing how 
much we can figure out about how people think now.”
http://www.nytimes.com/2012/02/19/magazine/shopping-habits.html?pagewanted=1&_r=1&hp
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Increasing Marketable Universe 

A software retailer captures $ 35 million in new revenue by increasing its 
marketable universe by a factor of four. 

Situation: A well-known software vendor catering to creative professionals 
was seeking new prospects for its second most popular product, called 
Product X. Current practice was to market the new version of Product X to 
users and trial downloaders of earlier versions. The analytical task was to 
find a new revenue source for this product. 

Jain, Piyanka; Sharma, Puneet (2014-11-05). Behind Every Good Decision: How Anyone Can Use Business Analytics to Turn Data Into Profitable Insight (Kindle Locations 1609-1616). 
AMACOM. Kindle Edition. 
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Action: The retailer had a database of 50 million prospects who had 
downloaded a free version of other products. We saw this as a great 
opportunity to mine for prospects who might have similar attributes to 
users of this product, although they had not shown any prior interest in 
Product X. Using logistic regression, we scored each prospect with an 
adoption probability score (to adopt Product X) based on the attributes 
of past users of Product X. The top 4 million prospects were then sent an 
offer for the latest version of Product X. 

Impact: The model increased the retailer’s addressable market by a 
factor of four and resulted in $ 35 million in new direct revenue. 
Additionally, this prospect set became a source of incremental revenue 
for all future releases of Product X.
Jain, Piyanka; Sharma, Puneet (2014-11-05). Behind Every Good Decision: How Anyone Can Use Business Analytics to Turn Data Into Profitable Insight (Kindle Locations 1609-1616). 
AMACOM. Kindle Edition. 

Increasing Marketable Universe con’t
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A payments company reduces marketing spend by 70 percent while 
collecting more than $ 20 million in incremental profits through a product 
recommendation engine. 

Situation: A payments company had multiple payment products to fit the 
needs of its customers— the merchants. It was observed that merchants 
who owned more than one product were more engaged and had wider 
and deeper product usage that resulted in higher profitability. Because 
of this, the marketing team decided to offer every product to every 
merchant through marketing campaigns, but this resulted in confused 
merchants and high unsubscribes. So, the head of marketing wanted to 
figure out how to find the Next Best Product (NBP ) recommendation for 
each merchant , thereby optimizing adoption as well as profitability. 

Product Recommendation Engine
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merchants with higher adoption rates for certain products over others. 
We then combined the adoption data and historical profits to find the 
expected incremental profit (EIP) per product per segment. With this 
recommendation engine, the product with the highest EIP became the 
next best product recommendation for merchants with similar attributes 
to those in the particular segment. The model was then scored in the 
database to be used for outbound and inbound marketing. 

Impact: Using the NBP recommendation engine, the marketing team 
now knew which offer to send to whom, resulting in a 70 percent 
reduction in marketing spending. Additionally, offering the right products 
using the NBP score resulted in sixfold increase in conversion and an 
increase of more than $ 20 million in profits just from the outbound 
marketing effort.
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Jain, Piyanka; Sharma, Puneet (2014-11-05). Behind Every Good Decision: How Anyone Can Use Business Analytics to Turn Data Into Profitable Insight (Kindle Locations 1726). 
AMACOM. Kindle Edition. 
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Jain, Piyanka; Sharma, Puneet (2014-11-05). Behind Every Good Decision: How Anyone Can Use Business Analytics to Turn Data Into Profitable Insight (Kindle Locations 1726). 
AMACOM. Kindle Edition. 



JMP MECHANICS
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HOUSING PRICES - ZILLOW
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Price: price of house as sold in 2002
Living Area: size of living area in square feet
Bedrooms: number of bedrooms
Bathrooms: number of bathrooms (a half bath is a 

toilet and sink only
Age: the age of the house in years
Fireplaces: the number of fireplaces in the house

Data: Housing_Prices_GE17
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USING STEPWISE
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INTERPRET RESULTS (APPLICATION)
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Example of Cross Validation Results



HOW TO APPLY THE RESULTS
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To use save Prediction Formula 
and Confidence Intervals 
(Mean and Individual)



HOW TO UNDERSTAND THE MANAGERIAL 
IMPLICATIONS
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