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Some of the figures in this presentation are taken from "An Introduction to Statistical Learning, with 
applications in R" (Springer, 2013) with permission from the authors: G. James, D. Witten, T. Hastie 
and R. Tibshirani



• 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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5Multiple linear regression is an approach for 
predicting a quantitative response variable 
(Y) with a multiple predictor variables (X).

Y X Objective Summary of 
Fit

Measures

Statistical
Significance

Measure

Operational
Significance

Mgt Insights

Continuous Continuous or 
Categorical

Explanatory RSquare Adj,
Root Mean 
Square Error    

Prob > F
(p-value)

Mean and 
Individual 
Confidence 
Limits

Profiler;
Variable 
Importance



WHAT CAN IT DO? (USE CASES)
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• Is there a relationship between advertising budget and 
sales?

• Is there a relationship between sales and price?
• Explaining customer spending based on demographic 

information and historical buying patterns
• Developing pricing strategies based on product mix and 

consumer characteristics
• Establishing housing prices



HOW DOES IT WORK?
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Least Squares 
Regression:

Fit to minimize the sum of 
squared residuals
e1

2 + e2
2 + … + en

2

where e = y – ŷ

Multiple Regression

Figure 3.4, An Introduction to Statistical Learning  by James, et al, (Springer 2013)
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Chapter 7, Introduction to Linear Regression, OpenIntro.org

OpenIntro Statistics

Assumptions:
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OpenIntro Statistics

Chapter 7, Introduction to Linear Regression, OpenIntro.org

Assumptions



JMP MECHANICS
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HOUSING PRICES EXAMPLE
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Dataset:  HousingPrices.jmp
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http://www.jmp.com/en_us/academic/case-study-library.html
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Analyze > Fit Model
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LIEN
L = linear
I = independent
E = equal variance
N = normally distributed errors

We use ‘residual by 
predicted’ to look for 
patterns and want to 
see values scattered 
randomly about zero 
and 

‘actual by predicted’ to 
look for “leverage” for 
the whole model – points 
on the extremes and 
outside the confidence 
intervals are more likely 
to have larger 
contributions to the sum 
of squares 
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We look at these by first Analyze > Distribution 

Studentized 
residuals are 
saved to the 
data table

To obtain “studentized residuals”
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Use the “fat pencil” test

L = linear
I = independent
E = equal variance
N = normally distributed errors

LIEN
We use studentized residuals to 
check for normally distributed errors
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Figure 3.11 ISLR

Dealing with Non Constant Variance - Transformations
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Dealing with Non Constant Variance – Auto Example



Multiple Regression | Jim Grayson, PhD

31



Multiple Regression | Jim Grayson, PhD

32Collinearity:  when a predictor can be predicted well 
from other predictors

We can use the Variance Inflation Factor (VIF) to help identify collinearity in the model’s predictors

Rule of thumb:
VIFs > 10 should be investigated
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When we examine the 
scatterplot matrix we 
see a strong 
association between 
Miles to Resort and 
Miles to Base
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34We remove one of these predictors – say, Miles to Resort, and re-
examine the VIFs and scatterplot matrix 
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Chapter 7, Introduction to Linear Regression, OpenIntro.org
OpenIntro Statistics
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36Leverage:  We can use the Cook’s D measure to help identify 
undue influence

“Rule of Thumb”:
Cook’s D < 1
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We “select” the data point at the top (about 3.48) 
and that is associated with row 7.

When we examine row 7 we see the house is a ranch 
(40 acres) and therefore should be excluded from our 
analysis.  We select “rows > hide and exclude” and 
rerun the analysis.  Cook’s D is now in an acceptable 
range.



INTERPRET RESULTS (STATISTICALLY VALID)
Relationship between response and predictors?
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Fit

Hypotheses
(Model Significance)

Details
(Variable Significance)
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41Model Fit: RSquare Adj about 83%; 
RMSE = 54.9

Given that all variables are in the model we 
notice that Baths, Miles to Base, Acres are 
significant. 

We will undertake an iterative process of 
eliminating one variable at a time, re-
examining the p-values and then eliminating 
the next variable with a p-value > 0.10

Null Hypothesis b1 = b2 = b3 =  …  = bn = 0
Alternate Hypothesis:  At least one b ≠ 0 

Decision:  Reject Ho and Accept Ha (at 
least one b ≠ 0 ) with pvalue < .0001
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The results of our iterative process:

Notice that p-values are less than 0.02, 
Rsquare Adj is about 84%, VIFs are low 
and residual by predicted looks better 
that before.



INTERPRET RESULTS (USEFULNESS)
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45The Rsquare / Rsquare Adj gives us a 
measure of the variability in the data 
explained with our model.  Larger values 
are preferred.

The Root Mean Square Error tells us the 
standard deviation of the error (ε) – a 
measure of variability of the model. 

These “Save Columns” are added to the 
Data Table columns
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Parameter (Coefficients) Estimation and Variability

Select the “parameter” table and right click >
Select Columns > 
Select Lower 95% and Upper 95%

The Lower 95% and Upper 
95% are confidence intervals 
around the coefficients.



HOW TO APPLY THE RESULTS
Prediction
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The Prediction Formula:

175.466319174148 + 63.6171900658549 * :Baths + 
0.0472992279684479 * :Square Feet +
-3.02500213727099 * :Miles to Base + 12.4629468282909 * :Acres

For a 2 Bath, 3000 SF, 2 Miles to Base, 1 Acres

Predicted Price +/- Confidence Intervals for the Mean and Individual Prediction Intervals



MANAGERIAL IMPLICATIONS
Insights: Profiler; Variable Importance; Confidence and Prediction Intervals
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Confidence Intervals and Prediction Intervals can be 
examined to determine the usefulness of the prediction 
– is the model useful taking into account the variability 
in the intervals

Confidence Intervals and Prediction Intervals
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The Profiler allows an 
interactive interface to vary 
the value of predictor(s) 
and observe the impact on 
the response (Price) and 
the impact of changing 
one predictor on the other 
predictors. The profiler can 
help build understanding 
and intuition about the 
relationship of the 
predictors to explaining the 
response variable.

Profiler
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This tool shows the relative 
importance of the predictor 
variables, first in relative impact 
– that is, which variables with a 
+/- change in value will have 
the largest impact on the 
response (think of this as a 
sensitivity analysis) and then 
secondly, the marginal model 
plots provide insight into the 
main effect of the variables


