
Chapter 11: Multiple Regression

Regression: “the prediction of one variable from knowledge of one or 

more other variables”

In the previous lecture on simple linear regression (slr), we discussed the

case where we have 1 explanatory variable

But what if we had more than one?

This is a case for multiple regression (mr)—prediction of one variable

from knowledge of TWO OR MORE other variables

Why do Multiple Regression?

I want to predict student anxiety levels during final exam week (Y)

Conceivably, many variables might serve as informative predictors


--Number of credit hours


--Semesters left until graduation


--Difficulty of classes


--grade point average

I need not limit myself to examining only a single predictor

I can use many predictors simultaneously in the same regression model

The use of multiple predictors will likely yield more accurate predictions

than use of only one predictor

We can build regression models with the following form:
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Where:
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: predicted value of the response variable (Y)

Xp: explanatory variable p

b0: intercept 

bp: the slope for explanatory variable p; the change in the predicted 

value w/ a 1 unit increase in explanatory variable p, holding all other X values constant
By knowing the regression equation, we can predict the value of the

response variable for a particular combination of the explanatory variables

We had SPSS perform a MR predicting the stress level of 75 Miami 

students during finals week (Y) from the following:


X1: Semesters left until the student graduates (“sem_left”)

X2: The number of credit hours taking currently (“crthrs”)

X3: The student’s grade point average (“gpa”)


Stress was measured where 1 = little stress & 9 = extreme stress

The regression output from SPSS:
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The regression equation is:
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= -.374X1 + .270X2 + .230X3 + 2.256

We can predict a student’s stress by plugging in his/her semesters 

until graduation, current credit-hour load, and GPA

Suppose Frank is expected to graduate in 4 more semesters, is currently 

taking 16 credit hours, and has a 3.24 GPA.  His predicted level of stress during final exam week will be:


[image: image5.wmf]y

ˆ

= -.374(4) + .270(16) + .230(3.24) + 2.256
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= 5.83

Suppose Cindy is expected to graduate in 1 more semester, is currently 

taking 21 credit hours, and has a 3.56 GPA.  Her predicted level of stress during final exam week will be:
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= -.374(1) + .270(21) + .230(3.56) + 2.256
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= 8.37

Finding the “best” regression equation

As with SLR, in MR, we try to find the regression equation that 

minimizes the sum of the squared residuals


Residual—the difference between an actual Y value & the 

predicted Y value (
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In the dataset, we had an entry for a student with 2 semesters left until

graduation, taking 21 credit hours and having a 3.80 GPA.  This student’s actual stress score was 9, but the predicted value for this individual was 8.05.  

The residual for this person is: 9-8.05 = .95

A Visual Representation of Multiple Regression

In SLR, we could plot the explanatory (X) variable on the X-axis & the

response variable (Y) on the Y-axis

We could easily see the errors (residuals) in our predictions by noticing 

how far the Y values were from the predicted values (how far the Y values deviated vertically from the regression line)

With MR, such visual depictions are not so easy because we have one 

response variable & at least 2 explanatory variables

But, one way that we can easily see the errors (residuals) in our

predictions is to plot the actual Y values against the predicted values

SPSS can “save” the predicted values from a regression in the dataset. 

One can then create a scatterplot of the actual values versus the predicted values

Such a scatterplot is shown here:
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If a MR equation has done a good job at predicting the actual Y values, 

then the predicted values & actual values should be quite similar, adhering “tightly” to a straight upward-sloping line

That is, the actual & predicted values of Y should be highly positively correlated

Multiple Correlation Coefficient (R)
“The correlation between one variable (Y) and a set of predictors”

Squared Multiple Correlation Coefficient (R2)
R2 = proportion of variance in Y explained by its relationship with the set of explanatory (X) variables
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Relationships Among Predictor (X) Variables

Ideal case: 

Multiple predictor (X) variables, each related to the response (Y) variable


AND


The predictor (X) variables are not at all related to each other
Each X variable brings something new, unique to the prediction of Y

This “ideal” case is rarely a reality

In most cases, the X variables are at least somewhat related to each other, 

& at other times, may be highly correlated

Relationships Among Predictor (X) Variables (cont)

Multicollinearity: “a condition in which predictor variables are highly 

correlated among themselves”

Can cause many problems


Regression coefficients tend to be unstable from sample to sample

Try to avoid using highly correlated predictor variables in the same 


regression model

Hypothesis Testing and Multiple Regression
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= -.374X1 + .270X2 + .230X3 + 2.256

Slope for # of semesters left until graduation = -.374


If we hold the # of credit hrs & GPA constant, this value 

represents the expected change in stress during finals week with a one unit increase in the # of semesters left until graduation


Thus, if we hold credit hrs & GPA constant & increase # of 

semesters left by 1, stress will decrease by .374 units on the 9-point stress scale

Hypothesis Testing and Multiple Regression
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= -.374X1 + .270X2 + .230X3 + 2.256

Slope for # of credit hours = .270


If we hold the # of semesters left until graduation & GPA constant, 

this value represents the expected change in stress during finals week with a one unit increase in the # of credit hours

Thus, if we hold semesters left until graduation & GPA constant & increase # of credit hours by 1, stress will increase by .270 units on the 9-point stress scale

Hypothesis Testing and Multiple Regression
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= -.374X1 + .270X2 + .230X3 + 2.256

Slope for GPA = .230

If we hold the # of credit hrs & # of semesters left until graduation constant, this value represents the expected change in stress during finals week with a one unit increase in GPA

Thus, if we hold credit hrs & # of semesters left until graduation constant & increase GPA by 1, stress will increase by .230 units on the 9-point stress scale

Hypothesis Testing and Multiple Regression
We can perform tests on each of these slopes separately

For students who are equal in terms of class load (# of credit hours) & 

GPA, does a difference in # of semesters left until graduation lead to differences in their stress level during finals week?

H0: (1 = 0

H1: (1 ≠ 0

For students who are equal in terms of # of semesters left until 

graduation & GPA, does a difference in # of credit hours lead to differences in their stress level during finals week?

H0: (2 = 0

H1: (2 ≠ 0

Hypothesis Testing and Multiple Regression
For students who are equal in terms of class load (# of credit hours) & 

# of semesters left until graduation, does a difference in GPA lead to differences in their stress level during finals week?

H0: (3 = 0

H1: (3 ≠ 0

Each hypothesis is tested via a t-test

df = n – p – 1 (where p = the # of predictor variables)
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We would reject the null hypothesis that the slope coefficient is zero for the # of semesters left variable.  Our conclusion would be:

“The number of semesters Miami students have left until they graduate is a significant predictor of their stress during finals week, b = -.374, t(71) = -3.545, p ≤ .05.”

We would reject the null hypothesis that the slope coefficient is zero for the # of credit hours variable.  Our conclusion would be:

“The number of credit hours that Miami students take is a significant predictor of their stress during finals week, b = .270, t(71) = 5.982, p ( .05.”

We would FAIL to reject the null hypothesis that the slope coefficient is zero for the GPA variable.  Our conclusion would be:

“The grade point average of Miami students is not a significant predictor of their stress during finals week, b = .230, t(71) = .773, p > .05.”

Refining the Regression Equation

In our example, the # of semesters left until graduation and the # of 

credit hours were both significant predictors of stress, but GPA was not

Would we be better off dropping GPA from the model?

Generally, removal of a non-significant (non-predictive) explanatory 

variable from a regression model will not affect the coefficients of the remaining predictors much (assuming that the predictors were not highly correlated with each other) 

If we re-ran the MR excluding GPA, we’d get the following:
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Both predictors are still statistically significant, and the proportion of 

variance in stress explained by the set of (now) 2 predictors is not much less than it was before 
Choosing which regression model to use is a complex issue.  Some things to consider:


1.  Choosing models with theoretically meaningful variables


2.  Choosing the most parsimonious (simple) models


3.  Choosing models that strike a balance between simplicity, 

theoretical relevance, and predictive capability
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