
MULTIPLE REGRESSION –
PART 2



CATEGORICAL VARIABLES
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3Fitness (Help>Sample Data)
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Value Ordering
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6Data: Roller Coasters (www.rcdb.com)
Bus Stat 3e JMP File: CE_18

Data Descriptions

• Type indicates what kind of track the roller coaster has. The possible 
values are "wooden" and "steel." (The frame usually is of the same 
construction as the track, hut doesn't have to be.)

• Duration is the duration of the ride in seconds.
• Speed is top speed in miles per hour.
• Height is maximum height above ground level in feet.
• Drop is greatest drop in feet.
• Length is total length of the track in feet.
• Inversions reports whether riders are turned upside down during the 

ride. It has the values "yes" or "no."
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Fit a model with Duration (Y) and Length (X)
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9Customers like Inversion.  Look at Duration and Length
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JMP Indicator Variables are +1 and -1

Fit a model with Duration (Y) with Length and Inversion as (X)



RE-CODING CATEGORICAL VARIABLES
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This variable is: Average balance 
in saving account

0: < 100DM
1: Between 100 and 500 DM
2: Between 500 and 1000 DM
3: More than 1000 DM
4: Unknown / No Savings Account

Source: German Credit Case
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Cols > Recode:

We can re-code and 
save as a new variable



INTERACTIONS
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15Data: Burger King
Bus Stat 3e JMP File: Burger_King_CE18

Calories and Carbs –
notice how the data fans 
out as we move from left 
to right

What else is going on?
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16Data: Burger King
Bus Stat 3e JMP File: Burger_King_CE18

We explore using graph 
builder and look at two 
groups:

• Those with meat 
(including chicken and 
fish)

• Those without meat
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17We develop a model with carbs and a categorical 
variable for meat (with and without)
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There is more to it than 
a categorical variable 
as we can see by the 
residual by predicted 
and also by the 
different slopes in the 
graph builder

We adjust for the 
slopes by introducing 
an interaction term 
which is the product 
of Carbs and Meat 
(Carbs * Meat)
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Select from Column:  Carbs(g) and Meat | Then select Cross (Model Effects)
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The interaction term 
allows a different slope for 
the two levels of Meat



QUADRATIC
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Data: Diamonds
Bus Stat 3e JMP File: Diamonds_DGK_FE18

Cols > Column Viewer
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Transform the Price 
variable by taking Log 
(Price)
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There could be some curvature of 
Carat_Weight with Price
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We create a quadratic term for 
Carat_Weight
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TRANSFORMATIONS
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Goals of Re-expression *

• Make the distribution of a variable (as seen in its histogram, for 
example) more symmetric.

• Make the spread of several groups (as seen in side-by-side boxplots) 
more alike

• Make the form of the scatterplot more nearly linear
• Make the scatter in a scatterplot or residual plot spread out evenly 

rather than following a fan shape

* pp. 528-530, Business Statistics, 3e, Sharpe, et al (Pearson)
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See also p. 531, Business Statistics, 3e by Sharpe, De Veaux and Velleman

p. 82, DOE Simplified, Anderson and Whitcomb (Productivity Press)
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Impact of Log(mpg) – Auto Dataset



VARIABLE SELECTION / DIMENSION 
REDUCTION

Stepwise
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“However, there are several reasons for exercising caution before throwing all possible variables into a model.

 It may be expensive or not feasible to collect a full complement of predictors for future predictions.

 We may be able to measure fewer predictors more accurately (e.g., in surveys).  The more predictors there 
are, the higher the chance of missing values in the data. If we delete or impute cases with missing values, 
multiple predictors will lead to a higher rate of case deletion or imputation.

 Parsimony is an important property of good models. We obtain more insight into the influence of predictors 
in models with few parameters.

 Estimates of regression coefficients are likely to be unstable, due to multicollinearity in models with many 
variables. (Multicollinearity is the presence of two or more predictors sharing the same linear relationship 
with the outcome variable.) Regression coefficients are more stable for parsimonious models.  One very 
rough rule of thumb is to have a number of cases n larger than 5(p + 2), where p is the number of 
predictors.

 It can be shown that using predictors that are uncorrelated with the dependent variable increases the 
variance of predictions.

 It can be shown that dropping predictors that are actually correlated with the dependent variable can 
increase the average error (bias) of predictions.”

Reducing the Number of Predictors

Source: Data Mining for Business Intelligence, 2e by Shmueli, et al (Wiley), p. 127-8.
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HOUSING PRICES EXAMPLE - AGAIN
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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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This is equivalent to our 
manual process of 
deleting variables one 
at a time
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“Two criteria for balancing under-fitting and over-fitting are the 
Akaike Information Criterion (AIC) and the Bayesian Information 
Criterion (BIC). These criteria measure the information lost by 
fitting a given model. Therefore, models with smaller AIC and 
BIC values are considered better. AIC and BIC measure the 
goodness of fit (i.e. quality) of a model, but also include a 
penalty that is a function of the number of parameters in the 
model. As such, they can be used to compare various models 
for the same data set. It can be shown that Mallows’s Cp is 
equivalent to AIC in the case of multiple linear regression. BIC 
applies a larger penalty than AIC does, and may lead to 
smaller models.”

Source: Data Mining for Business Intelligence by Shmueli, et al (Wiley)
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This is equivalent to our 
manual process of 
deleting variables one 
at a time
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We will use the BIC 
default

Select stopping 
rule and direction

Select “Go”
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47We see the final 
selected variables 
and the selection 
analysis results

If satisfied select 
Make Model
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Creates our 
typical model 
results


