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LEARNING CHECK

1.	 Why might a researcher do an experiment with three or more groups instead of only two groups?

A: We can learn more information about the population by making more comparisons. The more groups that there 
are in an experiment, the more comparisons that we can make.

2.	 What is the independent variable in Eskine’s (2012) experiment?

A: Type of food that participants were exposed to

3.	 What are the groups that were created from the manipulation of this independent variable?

A: Organic food, comfort food, and control food

4.	 What is the dependent variable in Eskine’s (2012) experiment?

A: Moral evaluations of actions in the vignettes

5.	 How was the dependent variable operationalized?

A: By using a response range of 1 (not at all morally wrong) to 7 (very morally wrong). Moral judgment scores were 
averaged across the six vignettes.

The Tool
As we said at the start of the chapter, we need a tool to compare the means of three or more groups to see 
whether we can generalize differences among these groups from a sample to its population. You might be say-
ing, “Well, just do a series of independent samples t tests to compare each group mean.” And we could. If we 
have three means to compare as we do in Eskine’s (2012) experiment, we would need three independent 
samples t tests. If we had four group means to compare, we would need six independent samples t tests. What 
is the problem with doing multiple t tests? First, it’s a lot of work to do all those t tests. More importantly, think 
about this situation in terms of Type I errors. Recall from Chapter 6 that a Type I error is the likelihood that we 
find a statistically significant result in our sample but that result does not exist in the larger population. Stated 
differently, we reject a null hypothesis when in fact we should not reject it. If you conduct enough independent 
samples t tests, you’re eventually going to find something that is statistically significant by sheer luck (that is, 
it will be a Type I error). Keep in mind that with an alpha level of .05 (5%), we have a 1-in-20 chance of finding 
a statistically significant result by sheer luck, not because it is a real result in the population. The more t tests 
we run, the higher the probability of making a Type I error.

We don’t want to commit a Type I error. So, why not just adjust the alpha from .05 to something smaller, 
so there is less chance of a Type I error? The fact you’re asking that question tells me you are thinking about 
this situation in precisely the way you need to be thinking about it! We could do that; if we run three indepen-
dent samples t tests, let’s just use an alpha level of .05 / 3 = .0167 (1.67%). Doing so is called the Bonferroni 
adjustment. This is not wrong. It controls the family-wise Type I error rate at 5%. However, the Bonferroni 
adjustment leads to a new problem. Now we have an issue with the Type II error. Recall a Type II error occurs 
when we do not detect a result in our sample that does exist in the population. Stated differently, we fail to 
reject a null hypothesis when in fact we should reject it. When we reduce the alpha level to .0167, we increase 
the likelihood of committing a Type II error. So, we need a new tool, a tool that allows us to balance our con-
cern about making Type I and Type II errors. I give you the analysis of variance or, as it is typically abbreviated, 
the ANOVA.


