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Multiple Regression vs. ANOVA

� The purpose of multiple regression is to explain 
variances and determine how and to what extent 
variability in the criterion variable (dependent variable) 
depends on manipulation of the predictor variable(s) 
(independent variable).

� Whereas ANOVA is experimental research (independent 
variable is manipulated), multiple regression is a 
correlational procedure—it looks at relationships 
between predictor variables and a criterion variable.

� Thus, both predictor and criterion variables are 
continuous in multiple regression.
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Multiple Regression vs. ANOVA

� ANOVA and multiple regression both have 
a continuous variables as the dependent 
variable (called criterion variable in 
regression) and utilize the F-test.

� In multiple regression, the F-test identifies 
a statistically significant relationship, as 
opposed to statistically significant 
differences between groups in ANOVA.
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Multiple Regression Theory
Simple regression formula: 

• If we know information about X, we can predict Y 

• We regress Y on X 
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Y ′= predicted score of the dependent variable Y 

b = regression coefficient 

a = intercept 
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Multiple Regression Theory

• The regression equation is based on the principle of least squares. The 

values used minimize the errors in prediction. This is because the error in 

prediction is used in calculating the regression coefficient. 

• The difference is identified as YY ′−  

• The principle of least squares is calculated by summing the square 

errors of the prediction: 

2)( YY ′−Σ  
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Multiple Regression Theory
X Y Pred Res Res-sq Reg Reg-sq

95 85 17 8 289 64 136 87.9452055 -2.9452055 8.67423532 10.9452055 119.797523

85 95 7 18 49 324 126 81.5068493 13.4931507 182.065115 4.50684932 20.3116907

80 70 2 -7 4 49 -14 78.2876712 -8.2876712 68.6854945 1.28767123 1.6580972

70 65 -8 -12 64 144 96 71.8493151 -6.8493151 46.9131169 -5.1506849 26.5295553

60 70 -18 -7 324 49 126 65.4109589 4.5890411 21.0592982 -11.589041 134.305874

sum 390 385 730 630 470 327.39726 302.60274

mean 78 77

SD 13.509256 12.5499

pearson r 0.6930525

0.64383562

26.7808219
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Multiple Regression Theory

Remember, in ANOVA, sstot = ssb + ssrw 

So, in regression, 
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Multiple Regression Theory

ANOVA
b 

Model 

Sum of 

Squares df 

Mean 

Square F Sig. 

Regression 302.603 1 302.603 2.773 .194a 

Residual 327.397 3 109.132   

1 

Total 630.000 4    

a. Predictors: (Constant), X     

b. Dependent Variable: Y     

 

 

Coefficientsa 

Unstandardized 

Coefficients 

Standardized 

Coefficients 

Model B 

Std. 

Error Beta t Sig. 

(Const

ant) 
26.781 30.518 

 
.878 .445 

1 

X .644 .387 .693 1.665 .194 

a. Dependent 

Variable: Y 
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Conducting a multiple regression

� Determine statistical significance of the model by 
evaluating the F test.

� Determine practical significance of the model by 
evaluating R2 . Cohen (1992) recommended using f2

to determine effect size, where with the following 
effect size interpretations: small = .02, medium = .15, 
and large = .35. These values can easily be 
converted to R2 with the following interpretations: 
small = .02, medium = .13, and large = .26. 

� Statistical significance of each predictor variable is 
determined by a t-test of the beta weights.

� Practical significance of each predictor variable.
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Determine statistical significance of the 

model by evaluating the F test.

ANOVA(b) 
 

Model   
Sum of 

Squares df Mean Square F Sig. 

1 Regression 9900.265 2 4950.133 16.634 .000(a) 
  Residual 28865.525 97 297.583    
  Total 38765.790 99      

a  Predictors: (Constant), English aptitude test score, Math aptitude test score 
b  Dependent Variable: Average percentage correct on statistics exams 
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Determine practical significance of 

the model by evaluating R2 .

Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of the 

Estimate 

1 .505(a) .255 .240 17.251 

a  Predictors: (Constant), English aptitude test score, Math aptitude test 
score 
b  Dependent Variable: Average percentage correct on statistics exams 

R2 equals the amount of variance accounted for in the model. 
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Statistical significance of each predictor variable is 

determined by a t-test of the beta weights.

� A regression coefficient for a given X variable 

represents the average change in Y that is 

associated with one unit of change in X.

� The goal is to identify which of the predictor 

variables (X) are important to predicting the 

criterion (Y).

� Regression coefficients may be nonstandardized

or standardized.
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Statistical significance of each predictor variable is 

determined by a t-test of the beta weights.

� Nonstandardized regression coefficients (b) are 
produced when data are analyzed in raw score form.

� It is not appropriate to use nonstandardized regression 
coefficients as the sole evidence of the importance of the 
predictor variable. We can test the nonstandardized
regression coefficient It is possible to have a model that 
is statistically significant, but each predictor variable may 
not be important. To test the regression coefficient,
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Statistical significance of each predictor variable is 

determined by a t-test of the beta weights.

� Important: The statistical significance of the 
nonstandardized regression coefficient is only one piece 
of evidence that identifies the importance of the predictor 
variable and is not to be used as the only evidence. This 
is because the nonstandardized regression coefficient is 
affected by the standard deviation. Since different 
predictor variables have different standard deviations, 
the importance of the variable is difficult to compare.

� When we use standardized regression coefficients 
(B), all of the predictor variables have a standard 
deviation of 1 and can be compared.
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Statistical significance of each predictor variable is 

determined by a t-test of the beta weights.

Coefficients(a) 

Model   
Unstandardized 

Coefficients 
Standardized 
Coefficients t Sig. 

    B Std. Error Beta     

1 (Constant) -14.088 14.750   -.955 .342
  Math 

aptitude 
test score 

.119 .023 .467 5.286 .000

  English 
aptitude 
test score 

.040 .024 .146 1.650 .102
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Determine practical significance of 

each predictor variable 

1. Squared semi-partial correlation 
coefficients

2. Structure coefficients
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Examining different correlations

� X1, X2, and Y represent the 
variables. The numbers reflect 
variance overlap as follows:

1. Proportion of Y uniquely 
predicted by X2

2. Proportion of Y redundantly 
predicted by X1 and X2

3. Proportion of variance shared 
by X1 and X2

4. Proportion of Y uniquely 
predicted by X1

Y

X1 X2

1
2

3

4
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Zero-Order Correlation:

� This is the relationship between two 

variables, while ignoring the influence of 

other variables in prediction. In the 

diagrammed example above, the zero-

order correlation between y and x2

calculates the variance represented by 

sections 1 and 2, while the variance of 

sections 3 and 4 remain part of the overall 

variances in x1 and y respectively. This is 

the cause of the redundancy problem 

because a simple correlation does not 

account for possible overlaps between 

independent variables. 

Y

X1 X2

1
2

3

4
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Partial Correlations:

� This is the relationship between 

two variables after removing the 

overlap completely from both 

variables. For example, in the 

diagram above, this would be the 

relationship between y and x2, 

after removing the influence of x1

on both y and x2. In other words, 

the partial correlation determines 

the variance represented by 

section 1, while the variance 

represented by sections 2, 3, and 

4 are removed from the overall 

variances of the variables. 

Y

X1 X2

1
2

3

4
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Part (Semi-Partial) Correlations:

� This is the relationship between two 

variables after removing a third variable 

from just the independent variable. In the 

diagram above, this would be the 

relationship between y and x2 with the 

influence of x2 removed from x1 only. In 

other words, the part correlation removes 

the variance represented by sections 2

and 4 from x2, while sections 2 and 3 are 

not removed from y. 

Y

X1 X2

1
2

3

4
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Part (Semi-Partial) Correlations:

� Note that because variance is 

removed from y in the partial 

correlation, it will always be larger 

than the part correlation. Also note 

that since the part correlation can 

account for more of the variance 

without ignoring overlaps (like the 

partial correlation), it is more 

suitable for prediction when 

redundancy exists. Therefore, the 

part correlation is the basis of 

multiple regression.

Y

X1 X2
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2
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Squared semi-partial correlation 

coefficients
� The squared semiparital correlation coefficient (sr2), which is the part 

correlation squared in SPSS output. sr2 represents the unique amount of 
variance that the predictor variable brings to the model. 

� The advantage of this value is that the researcher gains information as to 
the amount of information the predictor variable contributes that is not 
shared by any other variable in the model. However, this value is highly 
influenced by intercorrelations with other predictor variables (i.e. 
multicollinearity).

Correlations 
Zero-order Partial Part 

   
.484 .473 .463 

.202 .165 .145 

 

sr2 = .21

sr2 = .02
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Structure coefficients

� In order to deal with this limitation, Thompson 
(1990; 2001) and Courville and Thompson 
(2001) recommend examining structure 
coefficients. 

� Structure coefficients (rs) identify the relationship 
of a predictor variable to what is predicted. 

� In other words, it is the proportion of the 
correlation of the predictor variable and criterion 
variable (r) to the predicted model (R). 
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Structure coefficients

� the proportion of the correlation of the 
predictor variable and criterion variable 
(r) to the predicted model (R). 

� When this value is squared, the 
researcher can interpret the amount of 
variance that the predictor variable 
contributes to the predictor model. 
While this value is not distorted by 
multicollinearity, the value may not be 
pertinent if the overall model is not 
significant. Thus, both sr2 and rs2

should be interpreted.

Correlations 
Zero-order Partial Part 

   
.484 .473 .463 

.202 .165 .145 

 

Model Summary(b) 
 

Model R R Square 
Adjusted R 

Square 
Std. Error of 
the Estimate 

1 .505(a) .255 .240 17.251 

 

R

r
rs

xy
=

rs2 = .92

rs2 = .16



Balkin, R. S. (2008). 25

Multicollinearity

� When the predictor variables are not correlated to each 
other, R2 = the sum of the squared correlations between 
each predictor variable to the criterion variable.

� However, in most research, we deal with correlated 
predictors.

� Thus, this produces some redundancy in what is being 
measured due to the intercorrelations of the predictor 
variables—the predictor variables are measuring some 
of the same things.

� As a result, the unique amount of variance accounted for 
by each predictor variable is reduced, giving inaccurate 
measures of the importance of the predictor variable. 
This is known as multicollinearity.
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Multicollinearity

� One way to detect multicollinearity is to examine the 
intercorrelations of the predictor variables. 
Intercorrelations greater than .80 are problematic. 

� When we have a multicollinearity problem, using 
structure coefficients can help detect the problem. 

� In order to resolve multicollinearity, the researcher 
should either
� Drop one of the predictor variables OR

� Combine the predictor variables
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Model Assumptions

1. Predictor and criterion variables should be continuous and at least 
interval or ratio level of measurement. You can use nominal level 
predictors, but they must be dummy-coded.

2. Sample should be random
3. Criterion variable should be normally distributed
4. Observations should be independent and not affected by another 

observation.
5. The relationship between the criterion variable and each predictor 

variable should be linear.
6. Errors in prediction should be normally distributed
7. Errors should have a constant variance.
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Criterion variable should be 

normally distributed
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The relationship between the criterion variable and 
each predictor variable should be linear.

Errors should have a constant variance.
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Dependent Variable: Average percentage correct on statistics exams
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Errors in prediction should be 

normally distributed

Standardized Residual

2.00000

0.00000

-2.00000


