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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



Logistic Regression | Jim Grayson, PhD 

4



• 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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Developed by Jim Grayson, PhD
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Logistic Regression is an approach for predicting a categorical 
response variable (Y) with continuous or categorical predictor 
variables (X).

Y X Objective Predictive 
Accuracy

Statistical
Significance

Measure

Model Fit

Categorical Continuous 
or 
Categorical

Prediction or 
Classification

Misclassification 
Rate

Prob > Chi-
Square
(p-value)

RMSE, MAD, 
ROC Curve 

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



WHAT CAN IT DO? (USE CASES)
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9Logistic regression, among other modeling tools, can be used 
to model the probability that an event will occur.  What’s the 
probability someone will win an Oscar, or an election, or a 
tennis match, based on other events that have transpired?  
Here are some other example uses of logistic regression:

• Identify fraudulent checks submitted to a bank
• Determine causes of defective items in an assembly line
• Predict flight delays
• Understand reasons behind flight risk for employees
• Determine which content to display on a website based on 

mouse clicks

DRAFT Chapter 5:  Logistic Regression from Building Better Models using JMP by Grayson, Gardner and Stephens (SAS Press).



HOW DOES IT WORK?
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(Yes) 1

(No) 0

Tumor Size

Malignant?

X X X X

X X X X
We want to classify a tumor as
0: Benign
1: Malignant

Based on an illustration given by Andrew Ng, Stanford University
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(Yes) 1
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But Regression Doesn’t Work Well Now
With Added Point

Based on an illustration given by Andrew Ng, Stanford University
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(Yes) 1

(No) 0

Tumor Size
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X X X X

X X X X X

We need a curve (function) more like this S shape

Based on an illustration given by Andrew Ng, Stanford University



HOW DOES IT WORK? 
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The coefficients are not fit using least squares, but a method called 
maximum likelihood. 

The basic idea is to try to fit coefficients so that the for the training data 
the response (classification) prediction is as close as possible to the 
observed classification.
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“Although we could use (non-linear) least squares to fit the model 
(4.4), the more general method of maximum likelihood is preferred, …
…
In other words, we try to find ߚመ0 and ߚመ1 such that plugging
these estimates into the model for p(X), given in (4.2), yields a number
close to one for all individuals who defaulted, and a number close to 
zero for all individuals who did not. This intuition can be formalized 
using a mathematical equation called a likelihood function:”

Fitting Coefficients Using Maximum Likelihood

Source:   An Introduction to Statistical Learning, James, et al (Springer), p. 132-3.



JMP MECHANICS
Simple Logistic Regression
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SIMPLE LOGISTIC REGRESSION
Lost Sales
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EXAMPLE: LOST SALES
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In many industries throughout the world, suppliers compete for business by 
submitting quotes for work, services or products. A key criterion used to 
determine the winning quote is the dollar amount of the quote, but other 
factors include expected quality, estimated delivery time of the product, 
or quoted completion time of the work.

The focus of this case is a supplier of equipment to the automotive industry. 
The products of interest in this case are various precision metal 
components used in a range of automotive applications, such as braking 
systems, drive trains, and engines. Some of the products will be used in the 
manufacture or assembly of new automobiles (i.e. original equipment), 
while others will be used as replacement parts in automobiles already on 
the road (i.e. aftermarket). Lost Sales, JMP Case Study Library | www.jmp.com/en_us/academic/case-study-library/multiple-regression.html



EXAMPLE: LOST SALES
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The data set contains 550 records for quotes provided over a six month 
period. The variables in the data set are:

• Quote The quoted price, in dollars, for the order
• Time to Delivery The quoted number of calendar days within 

which the order is to be delivered
• Part Type OE = original equipment; AM = aftermarket
• Status Whether the quote resulted in a subsequent 

order within 30 days of receiving the quote: 
Lost = the order was not placed; 
Won = the order was placed.

http://www.jmp.com/en_us/academic/case-study-library/multiple-regression.html
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Analyze > Fit Y by X
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Null hypothesis: 
Probability of Won/Lost does not 
depend on Time to Delivery 

Alternate:
There is an association between 
Won/Lost and Time to Delivery
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Model Fit

Lost Sales
Here are the details. Logistic 
regression is, of course, estimated by 
maximizing the likelihood function. 
Let L0 be the value of the likelihood 
function for a model with no 
predictors, and let LM be the 
likelihood for the model being 
estimated. McFadden’s R2 is defined 
as 

R2
McF = 1 – ln(LM) / ln(L0) 

where ln(.) is the natural logarithm. 

What’s the Best R-Squared for Logistic Regression? |February 13, 2013 By Paul Allison

http://www.statisticalhorizons.com/r2logistic
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Model Fit

Lost Sales

What’s the Best R-Squared for Logistic Regression? |February 13, 2013 By Paul Allison

http://www.statisticalhorizons.com/r2logistic

The rationale for this formula is that ln(L0) 
plays a role analogous to the residual 
sum of squares in linear regression. 
Consequently, this formula corresponds 
to a proportional reduction in “error 
variance”. It’s sometimes referred to as 
a “pseudo” R2. 
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Model Accuracy

Lost Sales

Prediction



Logistic Regression | Jim Grayson, PhD 

32Model SignificanceLost Sales

Log Odds Success/Failure – this 
ordering is dependent on the 
response variable “value ordering” | 
see Column > Column Properties > 
Value Ordering
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For logistic regression, the probability of an event, p, is 
related to predictive factors, (X1,X2,…,Xk) by the 
mathematical relationship where log(p/(1-p)) is called the
log-odds or logit. 

log( p / (1 p))  0  0 X1  ... kXk

Excerpt from Chapter 5:  Logistic Regression from Building Better Models using JMP (Draft) by Grayson, Gardner and Stephens (SAS Press).

Lost Sales



Logistic Regression | Jim Grayson, PhD

34

The right side of this equation looks a lot like our multiple 
linear regression model (without the error). Rearranging this 
formula to solve for p directly, we have 

Excerpt from Chapter 5:  Logistic Regression from Building Better Models using JMP (Draft) by Grayson, Gardner and Stephens (SAS 
Press).

Lost Sales
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Coefficients and Odds

“The quantity p(X)/[1−p(X)] is called the odds, and can take on any value between 0 and ∞. Values of the odds close 
to 0 and ∞ indicate very low and very high probabilities of default, respectively. For example, on average 1 in 5 
people with an odds of 1/4 will default, since p(X) = 0.2 implies an odds of 0.2 / 1−0.2 = 1/4. Likewise on average nine 
out of every ten people with an odds of 9 will default, since p(X) = 0.9 implies an odds of 0.9 / 1−0.9 = 9.”

Source:   An Introduction to Statistical Learning, James, et al (Springer), p. 132-3.

“The quantity p(X)/[1−p(X)] is called the odds, and can take on any 
value between 0 and ∞. Values of the odds close to 0 and ∞ indicate 
very low and very high probabilities of default, respectively. For 
example, on average 1 in 5 people with an odds of 1/4 will default, 
since p(X) = 0.2 implies an odds of 0.2 / 1−0.2 = 1/4. Likewise on average 
nine out of every ten people with an odds of 9 will default, since p(X) = 
0.9 implies an odds of 0.9 / 1−0.9 = 9.”
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Assume time to delivery = 90. From this logistic regression 
model estimate the following four quantities using EXCEL:

Logit [same as Linear Model]

Odds [Exp(Linear Model)]

Probability of a Won [Odds/(1+Odds)]

Classification of Won/Lost [maximum probability]
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Assume time to delivery = 90. 

Logit

Odds

Probability of a Won

Classification of Won/Lost

Logit = intercept + time to delivery * value = 0.5829 - 0.018*90

Exp (logit) = Exp(0.5829 - 0.018*90) = 0.3502

Odds/1+Odds = 0.3502 / 1 + 0.3502 = 0.2594

Prob Won = 0.2594 then Prob Lost = 1-0.2594
Therefore, status = LOST
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“…  in a linear regression model, β1 gives the average change in Y associated 
with a one-unit increase in X. In contrast, in a logistic regression model, 
increasing X by one unit changes the log odds by β1 (4.4), or equivalently it 
multiplies the odds by eβ1(4.3). However, because the relationship between 
p(X) and X in (4.2) is not a straight line, β1 does not correspond to the change 
in p(X) associated with a one-unit increase in X. The amount that p(X) 
changes due to a one-unit change in X will depend on the current value of X. 
But regardless of the value of X, if β1 is positive then increasing X will be 
associated with increasing p(X), and if β1 is negative then increasing X will be 
associated with decreasing p(X). The fact that there is not a straight-line 
relationship between p(X) and X, and the fact that the rate of change in p(X) 
per unit change in X depends on the current value of X, can also be seen by 
inspection of the right-hand panel of Figure 4.2.”

Interpreting Logistic Regression 
Coefficients and Odds

Source:   An Introduction to Statistical Learning, James, et al (Springer), p. 132-3.



VISUALIZING LOGISTIC MODEL FIT
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For a Time to Delivery of 90 
days,
there is about a 25% chance 
of “Won” and a   75% chance 
of “Lost”



MULTIPLE LOGISTIC REGRESSION
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JMP MECHANICS
Multiple Logistic Regression
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INTERPRET RESULTS (STATISTICALLY)
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Examine estimates
Model significant?

Predictors significant?

Model fit?

Model predictive?



USEFULNESS & PREDICTIVE ABILITY
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We look at p-value for overall 
model significance.

We look at RSquare for a 
measure of fit

We look at RMSE and 
Mean Abs Dev for a 
measure of error.

We look at misclassification 
rate for a measure of 
predictive ability



ASSESS AND UNDERSTAND MODEL
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“We interpret coefficients for logistic 
regression differently than linear 
regression coefficients.* Increasing an X 
by one unit changes the log odds by b1 
or it multiplies the odds by e b1 but the 
rate of change depends on the current 
value of X.

In general:  if a b is positive, then 
increasing X will be associated with 
increasing p(x), and if b is negative, 
then increasing X will be associated 
with a decrease in p(x).”

Lost Sales

*Chapter 4:  Classification,  An Introduction to Statistical Learning by James, et al (Springer)
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USEFULNESS & PREDICTIVE ABILITY
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We look at the confusion matrix 
(off diagonal cells to understand
predictive ability). 

For example, our model 
predicted a Lost 85 times [or 
85/(193+85) = 30 percent] when 
in reality it was a Win.  

Similarly, our model predicted a 
Win 136 times when the reality 
was a Lost, or 50% of the cases.



INTERPRET RESULTS (APPLICATION)
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HOW TO UNDERSTAND THE MANAGERIAL 
IMPLICATIONS
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HOW TO APPLY THE RESULTS
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USING PROFILER TO PREDICT
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What is the estimated probability of a Win for a proposal of:

Quote =  5000
Time to Delivery = 60
Part Type = AM



LOGISTIC REGRESSION PREDICTIVE 
MODELING
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portion to evaluate predictive ability of the model.
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Look at AUC 
(area under 
curve) –
Higher 
better

The ROC curve is measuring the 
ability of the predicted 
probability formula to rank an 
observation. 

Vertical segment means 
predicting “success” [Won] 
and horizontal segment means 
predicting “failure” [Lost]
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Constructing an ROC Curve 

Here is a practical algorithm to quickly draw an ROC curve after the table has been 
sorted by the predicted probability. We walk through the algorithm for Offer 
Accepted=Yes, but this is done automatically in JMP for each response category. 

For each observation in the sorted table, starting at the observation with the highest 
probability Offer Accepted = Yes: 

• If the observed response value is Yes, then a vertical line segment (increasing, 
along the Sensitivity axis) is drawn. The length of the line segment is 1/(total 
number of Yes responses in the table) 

If the observed response value is No, then a horizontal line segment (increasing, along the 1-
Specificity axis) is drawn. The length of the line segment is 1/(total number of “No” responses in 
the data table)  

DRAFT, Building Better Models Using JMP Pro by Grayson, Gardiner and Stephens (SAS)
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DRAFT, Building Better Models Using JMP Pro by Grayson, Gardiner and Stephens (SAS)



Logistic Regression | Jim Grayson, PhD 

68

Simple ROC Curve Examples 

We use a simple example to illustrate. Suppose we have a data table with only 8 
observations. We sort these observations from high to low based on the probability that 
the Outcome=Yes. The sorted actual response values are Yes, Yes, Yes, No, Yes, Yes, No, 
and Yes. This results in the ROC curve on the left of Figure 6.31 (arrows are added to 
show the steps in the ROC curve construction). The first 3 line segments are drawn up 
because the first three sorted values have Outcome=Yes.   

Now, suppose we have different probability model that we use to rank the observations, 
resulting in the sorted outcomes Yes, No, Yes, No, No, Yes, No, and Yes. The ROC curve 
for this situation is shown on the right of Figure 6.31. The first ROC curve moves “up” 
faster than the second curve. This is an indication that the first model is doing a better job 
as separating the Yes responses from the No responses, based on the predicted 
probability.   

DRAFT, Building Better Models Using JMP Pro by Grayson, Gardiner and Stephens (SAS)
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DRAFT, Building Better Models Using JMP Pro by Grayson, Gardiner and Stephens (SAS)
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DRAFT, Building Better Models Using JMP Pro by Grayson, Gardiner and Stephens (SAS)
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DRAFT, Building Better Models Using JMP Pro by Grayson, Gardiner and Stephens (SAS)



STEPWISE
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