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GLM Univariate 

The GLM Univariate procedure allows you to model the value of a dependent scale 
variable based on its relationship to categorical and scale predictors.  

GLM Univariate Model 

The GLM Univariate procedure is based on the General Linear Model procedure, in which 
factors and covariates are assumed to have a linear relationship to the dependent 
variable.  

Factors.  Categorical  predictors should be selected as factors  in the model. Each level  
of a factor can have a different linear effect on the value of the dependent variable.  

• Fixed-effects factors  are generally thought of as variables whose values of interest 
are all represented in the data file.  

• Random-effects factors  are variables whose values in the data file can be 
considered a random sample from a larger population of values. They are useful for 
explaining excess variability in the dependent variable.  

For example, a grocery store chain is interested in the effects of five different types of 
coupons on customer spending. At several store locations, these coupons are handed 
out to customers who frequent that location; one coupon selected at random to each 
customer.  

The type of coupon is a fixed effect because the company is interested in those particular 
coupons. The store location is a random effect because the locations used are a sample 
from the larger population of interest, and while there is likely to be store-to-store variation 
in customer spending, the company is not directly interested in that variation in the 
context of this problem.  

Covariates.  Scale predictors  should be selected as covariates  in the model. Within 
combinations of factor levels (or cells ), values of covariates are assumed to be linearly 
correlated with values of the dependent variables.  

Interactions.  By default, the GLM Univariate procedure produces a model with all 
factorial interactions, which means that each combination of factor levels can have a 
different linear effect on the dependent variable. Additionally, you may specify factor-
covariate interactions, if you believe that the linear relationship between a covariate and 
the dependent variable changes for different levels of a factor.  

For the purposes of testing hypotheses concerning parameter estimates, GLM Univariate 
assumes:  

• The values of errors are independent of each other and the variables in the model. 
Good study design generally avoids violation of this assumption.  

• The variability of errors is constant across cells. This can be particularly important 
when there are unequal cell sizes; that is, different numbers of observations across 
factor-level combinations.  

• The errors have a normal distribution with a mean of 0.  
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Using GLM Univariate to Perform a Two-Factor Analysis of Variance 

A grocery store chain surveyed a set of customers concerning their purchasing habits. 
Given the survey results and how much each customer spent in the previous month, the 
store wants to see if the frequency with which customers shop is related to the amount 
they spend in a month, controlling for the gender of the customer.  

This information is collected in grocery_1month.sav . Use the GLM Univariate procedure 
to perform a two-factor (or two-way) ANOVA on the amounts spent.  

Running the Analysis 
 

 
 
  To run a GLM Univariate analysis, from the menus choose:  

Analyze  
  General Linear Model  
   Univariate... 
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  Select Amount spent as the dependent variable.  

  Select Gender and Shopping style as the fixed factors.  

  Click Plots .  

 

 
 
  Select style as the horizontal axis variable.  

Note that the variable labels are not displayed in the GLM Univariate sub-dialog boxes.  

  Select gender as the separate lines variable.  

  Click Add .  

  Click Continue .  

  Click Post Hoc  in the GLM Univariate dialog box.  
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  Select style as the variable for which post hoc tests should be produced.  

  Select Tukey  in the Equal Variances Assumed group.  

  Select Tamhane's T2  in the Equal Variances Not Assumed group.  

  Click Continue .  

  Click Options  in the GLM Univariate dialog box.  

 

 

  Select gender*style as the term for which means should be displayed.  
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  Select Descriptive statistics , Homogeneity tests , Estimates of effect size , and 
Spread vs. level plot  in the Display group.  

  Click Continue .  

  Click OK in the GLM Univariate dialog box.  

These selections produce a two-factor analysis of variance. Post hoc tests are requested 
to determine how the three shopping styles differ.  

Descriptive Statistics 

 
 
� This table displays descriptive statistics for each combination of factors in the model.  
� There seems to be a Shopping style effect; on average, "biweekly" customers spend 

$378.52, while "weekly" customers spend $404.55, and "often" customers spend 
$406.76.  

� There also appears to be a Gender effect; on average, males in the sample spend 
$430.30 compared to $365.66 for females.  

� Lastly, there may be an interaction effect between Gender and Shopping style, 
because the mean differences in amount spent by shopping style vary between 
genders.  

� For example, "biweekly" male customers tend to spend more than "often" male 
customers, but this trend is reversed for "biweekly" and "often" female customers.  

� The N column in the table shows there are unequal cell sizes. Most customers prefer 
to shop on a weekly basis.  

� The standard deviations appear relatively homogenous, although you should check 
Levene's test and the spread-versus-level plots to be sure.  
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Testing Homogeneity of the Variances 
 

 
 
� This table tests the null hypothesis that the variance of the error term is constant 

across the cells defined by the combination of factor levels. 
� Since the significance value of the test, 0.330, is greater than 0.10, there is no reason 

to believe that the equal variances assumption is violated. Thus, the small differences 
in group standard deviations observed in the descriptive statistics table are due to 
random variation. 

 

 
� The spread-versus-level plot is a scatterplot of the cell means and standard 

deviations from the descriptive statistics table.  
� It provides a visual test of the equal variances assumption, with the added benefit of 

helping you to assess whether violations of the assumption are due to a relationship 
between the cell means and standard deviations.  

� There is no apparent pattern in this plot, so there is no indication of such a 
relationship here.  
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Post Hoc Tests 
 

 
 
� The tests of between-subjects effects help you to determine the significance of a 

factor. However, they do not indicate how the levels of a factor differ. The post hoc 
tests show the differences in model-predicted means for each pair of factor levels.  

� The first column displays the different post hoc tests.  
� The next two columns display the pair of factor levels being tested.  
� When significance value for the difference in Amount spent for a pair of factor levels 

is less than 0.05, an asterisk (*) is printed by the difference.  
� In this case, there do not appear to be significant differences in the spending habits of 

"biweekly", "weekly", or "often" customers.  
� Tamhane's T2 is generally more appropriate than Tukey's HSD when there are 

unequal cell sizes, but the results in this case are largely the same.  
� The confidence intervals for Tamhane's T2 are only slightly wider than those for 

Tukey's HSD. Since the results of these two tests are not very different, it is safe for 
you to look at the results of the homogenous subsets, which are available for Tukey's 
HSD but not for Tamhane's T2.  
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� The homogenous subsets table takes the results of the post hoc tests and shows 

them in a more easily interpretable form.  
� In the subset columns the factor levels that do not have significantly different effects 

are displayed in the same column.  
� In this example, the first subset contains the "biweekly", "weekly", and "often" 

customers.  
� These are all the customers, so there are no other subsets.  
� The post hoc tests suggest that efforts at enticing customers to shop more often than 

usual is wasted because they will not spend significantly more.  
� However, the post hoc test results do not account for the levels of other factors, thus 

ignoring the possibility of an interaction effect with Gender seen in the descriptive 
statistics table. See the estimated marginal means to see how this might change your 
conclusions.  

 
Estimated Marginal Means 

 
 
� This table displays the model-estimated marginal means and standard errors of 

Amount spent at the factor combinations of Gender and Shopping style. This table is 
useful for exploring the possible interaction effect between these two factors.  

� In this example, a male customer who makes purchases weekly is expected to spend 
about $440.96, while one who makes purchases more often is expected to spend 
$407.77.  

� A female customer who makes purchases weekly is expected to spend $361.72, 
while one who makes purchases more often is expected to spend $405.72. Thus, 
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there is a difference between "weekly" and "often" customers, depending upon the 
gender of the customer.  

� This fact suggests an interaction effect between Gender and Shopping style. If there 
were no interaction, you would expect the difference between shopping styles to 
remain constant for male and female customers.  

� The interaction can be seen more easily in the profile plots.  
 

 
� The profile plot is a visual representation of the marginal means table.  
� The factor levels of Shopping style are shown along the horizontal axis.  
� Separate lines are produced for each level of Gender.  
� Alternately, the factor levels of Gender could be shown along the horizontal axis, with 

separate lines produced for each level of Shopping style. If there were no interaction 
effect, the lines in the table would be parallel. Instead, you can see that the difference 
in spending between "weekly" and "often" customers is greater for female customers, 
as the line for male customers slopes downward and that for female customers 
slopes upward.  

� This is a strong interaction effect and is unlikely to be due to chance, but you should 
check the tests of between-subjects effects for confirmation of its significance.  

 



 10- GLM Univariate

Tests of Between-Subjects Effects 

 
� This is an analysis of variance table.  
� Each term in the model, plus the model as a whole, is tested for its ability to account 

for variation in the dependent variable. Note that variable labels are not displayed in 
this table.  

� The significance value for each term, except STYLE, is less than 0.05. Therefore 
each term, except STYLE, is statistically significant.  

� The partial eta squared statistic reports the "practical" significance of each term, 
based upon the ratio of the variation (sum of squares) accounted for by the term, to 
the sum of the variation accounted for by the term and the variation left to error. 

� Larger values of partial eta squared indicate a greater amount of variation accounted 
for by the model term, to a maximum of 1. Here the individual terms, while statistically 
significant, do not have great effect on the value of Amount spent.  

 
Summary 

In this example, you found that the post hoc tests revealed a difference in spending 
between customers who shopped biweekly and those who shopped more often. The 
estimated marginal means and profile plots revealed an interaction between the two 
factors, showing that male customers who shop once a week are more profitable than 
those who shop more often, while the pattern is reversed for female customers.  

Using GLM Univariate to Perform an Analysis of Covariance 

Proponents of a government works program want to see if it helps people into better jobs, 
controlling for their salary before entering the program. A sample of potential program 
participants were followed, some of whom were randomly selected for enrollment in the 
program, while others were not.  

This information is collected in workprog.sav . Use the GLM Univariate procedure to 
perform an analysis of covariance (ANCOVA) on the incomes after the program. An extra 
assumption of ANCOVA is that there is no significant interaction between the covariate 
and factor, so begin by fitting a model with an interaction term.  
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Checking Homogeneity of the Covariate Coefficients 
 

 
 
  To run a GLM Univariate analysis, from the menus choose:  

Analyze  
  General Linear Model  
   Univariate...  
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  Click Reset  to restore the default settings.  

  Select Income after the program as the dependent variable.  

  Select Program status as the fixed factor.  

  Select Income before the program as the covariate.  

  Click Model .  

 

 
 
  Select Custom  as the model type.  

  Select prog(F) and incbef(C) in the Factors and Covariates list.  

  Select Main effects  from the Build Term(s) drop-down list and select the main effects 
to the model.  

  Select prog(F) and incbef(C) in the Factors and Covariates list.  

  Select Interaction  from the Build Term(s) drop-down list and select the interaction term 
to the model.  

  Click Continue .  

  Click Options  in the GLM Univariate dialog box.  
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  Select Estimates of effect size  in the Display group.  

  Click Continue .  

  Click OK in the GLM Univariate dialog box.  

These selections produce a model with an interaction between the factor prog(F) and the 
covariate incbef(C).  

 
Tests of Between-Subjects Effects 
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� The significance value of the interaction term is greater than 0.10, which shows it is 
not important.  

� Moreover, its partial eta squared term is near 0, showing it accounts for a negligible 
amount of variation compared to the error term. These results mean that you can 
assume homogeneity of the coefficient for the covariate across the levels of the 
factor.  

 
Running the Analysis 
 

 
  Recall the GLM Univariate dialog box.  

  Click Model .  

 

 
  Select Full factorial  as the model type  

  Click Continue .  

  Click Options  in the GLM Univariate dialog box.  
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  Select Descriptive statistics , Homogeneity tests , Spread vs. level plot , and 
Parameter estimates  in the Display group.  

  Click Continue .  

  Click OK in the GLM Univariate dialog box.  

These selections produce an analysis of covariance to assess the effect of program 
participation, controlling for salary before entering the program.  

Descriptive Statistics 

 
The descriptive statistics table shows a difference in the mean income after the program. 
There is a slight difference in the standard deviations.  
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Testing Homogeneity of Variances 

 

 
� The significance of Levene's test is under 0.05, which suggests that the equal 

variances assumption is violated. However, since there are only two cells defined by 
combinations of factor levels, this is not really a conclusive test.  

� The spread-versus-level plot shows what appears to be a relationship between the 
mean and standard deviation, but due to the few number of groups, this is 
inconclusive.  

� Since the difference in spread, about 0.4, is small with respect to the difference in 
level, about 4.5, it's probably safe for you to assume that the variances are 
homogenous across groups.  

 
Tests of Between-Subjects Effects 
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The significance value for participation in the program is less than 0.05, indicating it has a 
significant effect on income. Look to the parameter estimates to determine the size of that 
effect.  
 
Parameter Estimates 

 
� The parameter estimates show the effect of each predictor on Amount spent.  
� The value of -4.357 for [PROG=0]  indicates that, given two people with similar 

incomes before the program, you can expect the after-program yearly income of the 
nonparticipant to be $4,357 less than that of the participant.  

 
Summary 

By specifying an interaction between the covariate and factor, you are able to test the 
homogeneity of the covariate parameter estimates across levels of the factor. Since the 
interaction term was not significant, indicating the covariate parameter estimates are 
homogenous, you proceeded with an analysis of covariance and found that participation 
in the program increases salary by $4,357, on average.  

If the interaction term was significant, you could use the model with the interaction term, 
with the understanding that assessing the effect of program participation is complicated 
by the presence of the interaction. That is, when this interaction term is significant, the 
difference between participation and nonparticipation changes for different values of 
Income before the program.  
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Using GLM Univariate to Account for Random Effects 

In previous analyses, a grocery store chain studied the relationship between customer 
shopping behavior and the amount spent. There is, however, a lot of store-to-store 
variation that reduces your ability to estimate the effects of these behaviors. By adding 
the store location as a random effect, you can reduce the amount of unexplained 
variation, thus increasing the accuracy of your estimates of other model terms.  

This information is collected in grocery_1month.sav . Use the GLM Univariate procedure 
to fit a model with fixed and random effects to the amounts spent.  

Running the Analysis 
 

 
 

  To run a GLM Univariate analysis, from the menus choose:  

Analyze  
  General Linear Model  
   Univariate...  
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  Click Reset  to restore the default settings.  

  Select Amount spent as the dependent variable.  

  Select Who shopping for and Use coupons as the fixed factors.  

  Click Options .  
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  Select Estimates of effect size .  

  Click Continue .  

  Click OK in the GLM Univariate dialog box.  

 
Tests of Between-Subjects Effects 
 

 
The tests of between-subjects effects show that all of the model terms have significance 
values less than 0.05; they are all statistically significant. Now add Store ID as a random-
effects factor to see if it improves your model.  
 
Adding the Random Effect 
 

 
  Recall the GLM Univariate dialog box.  

  Select Store ID as the random factor.  

  Click Model .  
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  Select Custom  as the model type.  

  Select shopfor(F) and usecoup(F) in the Factors and Covariates list.  

  Select Main effects  from the Build Term(s) drop-down list and select the main effects 
to the model.  

  Select shopfor(F) and usecoup(F) in the Factors and Covariates list.  

  Select Interaction  from the Build Term(s) drop-down list and select the interaction term 
to the model.  

  Select storeid(R) in the Factors and Covariates list and select it to the model.  

  Click Continue .  

  Click OK in the GLM Univariate dialog box.  
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Test of Between-Subjects Effects 
 

 
� The addition of Store ID as a random-effects factor reduces the overall unexplained 

variability, marked as Error , from 1522377.826 to 1073908.578.  
� It has also reduced the variation explained by the main effects, USECOUP and 

SHOPFOR. This is quite natural and simply shows that some of the variation 
originally explained by these model terms can be better explained by Store ID.  

� The important fact here is that the proportional reduction in the variation explained by 
each of the main effects was not as great as the reduction in the unexplained 
variation. Thus, the partial eta squared has increased for each of the model effects.  

 
Summary 

In this example, you found that adding a random factor to the model increased the 
relative variance explained by the other model terms.  

Random effects are often factors that are not of direct interest to the problem at hand. It 
requires a little forethought to consider that store-to-store variation might be a useful 
model term and consequently include it in the data collection process.  

Related Procedures 

The GLM Univariate procedure is useful for modeling the linear relationship between a 
dependent scale variable and one or more categorical and scale predictors.  

• If you have only one factor, you can alternatively use the One-Way ANOVA 
procedure.  

• If you only have covariates, use the Linear Regression procedure for more model-
building, residual-checking, and output options.  

Recommended Readings 

See the following text for more information on the General Linear Model (for complete 
bibliographic information, hover over the reference): 

Horton, R. L. 1978. The General Linear Model. New York: McGraw-Hill, Inc. 


