Chapter 10:

Detecting, Interpreting, and Analyzing Program Effects

This chapter is divided into the following sections: 

I. The Magnitude of a Program Effect

II. Detecting Program Effects

III. Assessing the Practical Significance of Program Effects

IV. Examining Variations in Program Effects

V. The Role of Meta-Analysis

I will provide a brief summary and comments for each section….

I. The Magnitude of a Program Effect

According to RLF, an effect size statistic is “a statistical formulation of an estimate of program effect that expresses its magnitude in a standardized form that is comparable across outcome measures.”

In other words, rather than asking was the difference between the groups or was a relationship statistically significant (which ONLY says that you can reject the null hypothesis of NO effect whatsoever without saying anything about the magnitude of relationship or effect), the use of effect sizes provides essential information about the size or magnitude of effect or relationship.

RLF first mention the use of absolute differences between means (posttest mean for experimental group minus posttest mean for control group or posttest mean for experimental group minus pretest mean for experimental group)  and the percentage change (e.g., difference between post and pre value divided by pre value) as common ways to determine the magnitude of effect.

However they also recommend the use of more standardized measures such as these effect size indicators: 

a) Standardized mean difference (see Exhibit 10-A for calculation) which tells you the size of a program effect in standard deviation units. This is used when your outcome variable is quantitative and your independent variable is categorical (experimental vs. control).

b) Odds Ration (see Exhibit 10-A for calculation) which tells you “how much smaller or larger the odds of an outcome event, say, high school graduation, are for the intervention group compared to the control group.

--the odds ratio is used when both your independent variable (treatment vs. control) and your dependent variable (e.g., graduate high school vs not graduate, have cancer vs. do not have cancer) are categorical variables. 

--An odds ratio of 1 says the two groups have equal odds for having the outcome

-- An odds ratio of greater than 1 says that the intervention group participants were more likely to experience a change
--For example, an odds ration of 2 would say that “the members of the intervention group were twice as likely to experience the outcome than members of the control group.”

--Finally, an odds ratio of less than 1 means that the members of the intervention group were less likely to show the outcome

Note that some additional effect size indicators not mentioned by RLF include eta-squared and omega-squared, R-squared, and r-squared which tell you how much variance in the outcome variable is explained by the independent variable(s) (e.g., the IV might be treatment vs. control). Some more effect sizes are beta (the standardized regression coefficient), r (the correlation coefficient). Basically, any statistical index that provides information about amount or size of effect can be thought of as an effect size indicator. 

II. Detecting Program Effects

When attempting to detect whether a program effect is present, researchers often start with (but do not stop with) determining whether the difference between the treatment and control group is statistically significant.

--This help to assess the signal (effect) to noise (random variation among participants) ratio; that is, is should we conclude that we have an effect or that we just have statistical noise?

--If you finding is “statistically significant” then that is what you can claim; more specifically, you can claim that you reject the null hypothesis of NO effect and tentatively accept the alternative hypothesis of non-zero effect (note: the alternative hypothesis here says nothing about magnitude of effect; it just says you don’t think that the case of zero or no effect is correct). You cannot, based on a significance test alone, claim that a finding is important or practically significant. Once you have statistical significance you must check for effect size and consider the issues associated with practical significance outlined below.
When conducting statistical significance testing, there are four possible outcomes.
1) You can correctly conclude that the intervention and control group means are likely to be different (i.e., that the difference between the means that is seen is not just chance variation). This is the result that you are hoping for!
2) You can incorrectly conclude that the intervention and control group means are likely to be different when in fact their difference represents nothing but random variation. When you do this, you have made a Type I error (a false positive); you have rejected the null hypothesis (of no effect) when you should not. You have falsely concluded that there is an effect when there is none.

3) You can incorrectly conclude that the intervention and control group means are not different (fail to reject the null) when the difference represents a real impact; you have falsely concluded that there is no relationship when if fact there is a relationship; this is called a Type II error or a “false negative” (the problem is one of failing to reject the false null hypothesis).

4) You can correctly conclude that there appears to be no difference between the means beyond what would be expected through random variation. In other words, you have made the correct conclusion that you “fail to reject the null hypothesis.” This is not a very satisfying situation because you did not find an effect for your program, but you also cannot say that you know it does not work because of the nature of hypothesis testing; all you can say is that you “fail to reject” the null. 

A couple of points:

1) You control the probability of making a Type I error simply by setting your significance level (alpha level) before looking at your data to a criterion such as .05. If you set alpha at .05, then you will only make a Type I error 5% of the time when the null is true.  I recommend .05 and never using .01 as your alpha level because by moving from .05 to .01 you will lose power. Sometimes in evaluations an alpha level of .1 is used when you and your stakeholders are willing to live with a slightly greater risk of making a Type I error because you want to be sure to “pick up” on what is occurring in your data.
2) A good evaluation study has adequate statistical power; that is, if the null is false you have a good chance of rejecting the null. Researchers control power by selecting adequate sample sizes; the more people you collect data on, the greater the power. Why do we like power? Because when power goes up, your probability of making a Type II error (false negative) decreases and we don’t like to make Type II errors. The probability or likelihood of making a Type II error is equal to “beta.” Hence, you can see the relationship between Type II errors and power (the probability of rejecting the null when it is false which is what you want to do) which is expressed like this: 1 – beta. So if power is 95% then the probability of making a Type II error (beta) is only 5%; if power is 80% then the probability of making a Type II error is 20%.  The way the researcher increases power (and decreases the probability of making a Type II, false negative, error, is by increasing your sample size. If you don’t have enough people in your study, your power will be low and you will have a good chance of making a Type II error, so MAKE SURE YOU INCLUDE ENOUGH PARTICIPANTS IN YOUR STUDY WHENEVER YOU PLAN ON USING SIGNIFICANCE TESTING!

--Typically in evaluation and research, you should make sure that you have an a priori power of 80%. That is, you want to have at least an 80% chance of rejecting a false null; otherwise, why conduct the study if you don’t have a good chance of finding an effect when there is an effect?

--In Exhibit 10-C you can see how many participants you will need if you are conducting a simple two group t-test. To use that table, you should assume that your effect size will be relatively small (unless you have information from a meta-analysis of other research that a larger effect size can be assumed) and you should use the horizontal line for power=80% because that is the minimum that we should shoot for. Looking at the table, for a moderately small expected effect size (.30), you would need about 175 or so people per group. 

--If you can add a control variable that is strongly related to your outcome variable, then it can be used to increase your power, thus allowing you to select slightly fewer participants per group.
--Please study Exhibit 10-C very carefully, and be able to discuss these issues: power, sample size, effect size, probability of making a Type II error. Also note that you can increase your power by using a more lenient alpha (e.g., .1 rather than .05), but you client might not want to run the increased risk of making a Type I error. 

--You will need to discuss the tradeoffs that must be made regarding power and sample size with your stakeholders. How many people can you get in the study? What probabilities of Type I and Type II errors are they willing to accept?

III. Assessing the Practical Significance of Program Effects

As I mentioned in the last section, statistical significance does not necessarily mean that you have found an effect of any importance. To start moving in the direction of determining whether your findings are practically significant you should start by determining the effect size. However, an effect size indicator does not provide enough information to determine practical significance.

Exhibit 10-E summarizes multiple ways to think about and describe your effect sizes so that you and your readers can start to determine whether your result is practically significant. In brief form here are some ways:
· You can simply look at the difference between your group means on their original scale IF the original scale is inherently meaningful. 

· If you goal is to get your intervention group to a certain level of performance then you might compare their level of performance with a normative population (e.g., has a sufficient percentage of your participants reached the average level in the normative group? Or, has a sufficient percentage of your participants reached grade-level norms?

· If the client organization has regular data on the performance of certain groups on a scale (e.g., they might know how to interpret the Beck Depression Inventory for severely and moderately depressed individuals) then you can compare the results for the intervention to these known criterion groups.

· If threshold for success has been set (e.g., perhaps in the program objectives), then you can compare the percentage of people in your intervention group reaching this criterion to the percentage in your control group that research this criterion.

· You might use a more arbitrary success threshold if one has not been set. RLF say, for example, “Generally 50% of the control group will be above the mean…If, for instance, 55% of the intervention group is above the control group outcome mean, the program has not affected as many individuals as when 75% are above the mean.” You could and your client could set a success threshold that is agreed to be practically significant. 

· A very useful way, if the data are available, is to compare the outcomes found in your intervention with that of similar programs. Is your program doing a better or a worse job compared to similar programs? 

· Some “rules of thumb” or conventional guidelines have been offered and might be considered for use if no other information is available about how big an effect is practical in your situation. For example, using the standardized mean difference effect size indicator explained in Exhibit 10-A, Jacob Cohen offered the following: .20=small; .50=medium; and .80=large.

IV. Examining Variations in Program Effects

So far we have pretty much been talking only about overall program effect; for example, did the intervention group improve more than the control group. However, you will want to have more information about the effects of your program than this. RLF discuss two major ways to explore the effects of the program in more detail:

1) Moderator analysis

2) Mediation analysis

I like my definitions of moderator and mediator variables a little better (used them along with RLF’s definitions) to understand these. He is a link to my definitions: http://www.southalabama.edu/coe/bset/johnson/dr_johnson/oh_master/Ch2/Tab02-02.pdf
When you use moderator analysis you are looking for interaction effects (if you have had Quant II). Moderation or interaction is present when an effect operates differentially for different groups. For example, if it operates differently for men and women then gender is a moderator variable. 

--check all of your demographic groups for moderation

Note that moderator analysis does not always have to be exploratory. You also can construct a theory of what specific outcomes should occur (e.g., for whom should the treatment work well and for whom should it not work well?, and who is likely to get a lot of treatment and who is likely to not get much treatment?); then you can test your theory and answer this question: did the program perform as expected?

--You also should check for a dose-response relationship. That is, as the amount of treatment received increases, does the amount of outcome also increase? (This just means that the amount of treatment and that outcome are positively correlated?)  You would expect to have a dose-response relationship is a program that is operating well. But you might want more than just an overall dose-response relationship; for example, you could analyze your data to see if the dose-response relationship works differentially (e.g., is it present for some groups but not others?). You might also see if the dose is moderated by another variable (i.e., do some groups seem to receive or seek out more of the intervention than other groups?). 
Mediator analysis also is very useful in program evaluation. Look at my definition of mediator variables (at the link abouve) and RLF’s. Basically a mediator variable is an intervening variable; it is a variable that occurs in a causal line between two other variables. For example, X(Y has no intervening variable, but X(I(Y has an intervening (mediator) variable, I. 

--note that RLF’s explanation of how to check for mediation is INCORRECT (the bottom of page 323 and top of 324). To learn the four steps in determining mediation, go to this link: http://davidakenny.net/cm/mediate.htm
Or here is the four step process from Kenny:

MEDIATION
    Consider a variable X that is assumed to affect another variable Y.  The variable X is called the initial variable and the variable that it causes or Y is called the outcome.  In diagrammatic form, the unmediated model is 
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The effect of X on Y may be mediated by a process or mediating variable M, and the variable X may still affect Y.  The mediated model is 
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The mediator has been called an intervening or process variable.  Complete mediation is the case in which variable X no longer affects Y after M has been controlled and so path c' is zero. Partial mediation is the case in which the path from X to Y is reduced in absolute size but is still different from zero when the mediator is controlled. 

    When a mediational model involves latent constructs, structural equation modeling or SEM provides the basic data analysis strategy. If the mediational model involves only measured variables, however, the basic analysis approach is multiple regression or OLS.  Regardless of which data analytic method is used, the steps necessary for testing mediation are the same. In this section, I describe the analyses required for testing mediational hypotheses [previously presented by Baron and Kenny (1986) and Judd and Kenny (1981)].  I also address several questions that such analyses have engendered. 

    Baron and Kenny (1986) and Judd and Kenny (1981) have discussed four steps in establishing mediation: 

Step 1:  Show that the initial variable is correlated with the outcome. Use Y as the criterion variable in a regression equation and X as a predictor (estimate and test path c). This step establishes that there is an effect that may be mediated. 
  

Step 2: Show that the initial variable is correlated with the mediator. Use M as the criterion variable in the regression equation and X as a predictor (estimate and test path a). This step essentially involves treating the mediator as if it were an outcome variable. 
  

Step 3:  Show that the mediator affects the outcome variable. Use Y as the criterion variable in a regression equation and X and M as predictors (estimate and test path b). It is not sufficient just to correlate the mediator with the outcome; the mediator and the outcome may be correlated because they are both caused by the initial variable X. Thus, the initial variable must be controlled in establishing the effect of the mediator on the outcome. 
  

Step 4:  To establish that M completely mediates the X-Y relationship, the effect of X on Y controlling for M should be zero (estimate and test path c').  The effects in both Steps 3 and 4 are estimated in the same regression equation. 

If all four of these steps are met, then the data are consistent with the hypothesis that variable M completely mediates the X-Y relationship, and if the first three steps are met but the Step 4 is not, then partial mediation is indicated.  Meeting these steps does not, however, conclusively establish that mediation has occurred because there are other (perhaps less plausible) models that are consistent with the data.  Some of these models are considered later.  (see link for more on this topic).
Let me make this a little simpler. Let’s say you have three variables, social class (A), motivation (B) and achievement (C). You want to know if B is a mediator. 

Step one: Make sure that A and C are correlated. That is, run a regression of C on A. 

Step two: Make sure that A and B are correlated. That is, run a regression of B on A.

Step three: Check to see if B and C are correlated. That is run a regression of C on B. 

Step four: Now check to see if the relationship between A and C (found in step three) disappears or goes down when you  run a regression with C as your dependent variable and A and B as predictors  (i.e., run a regression of C on A and B). This result would be consistent with mediation. 
However, note that when two variables are spuriously related (i.e., not causally related but only related because of their relationship with some third variable) the same outcome as described in step four will occur. Therefore, YOU MUST HAVE A THEORY TO HELP YOU TO DECIDE WHETHER YOU HAVE A MEDIATED RELATIONSHIP OR A SPURIOUS RELATIONSHIP. 
For an entertaining example of a spurious relationship go here: 

http://www.southalabama.edu/coe/bset/johnson/dr_johnson/oh_master/Ch11/Tab11-02.pdf
 and for an entertaining example of a relationship disappearing once controlling for the third variable (the confounding variable) where what you had observed was nothing more than a spurious relationship, go here: http://www.southalabama.edu/coe/bset/johnson/dr_johnson/oh_master/Ch11/Fig11-02.pdf
V. The Role of Meta-Analysis

 The last section in this chapter is on meta analysis. Note that Mark Lipsey, the second author of your book has done extensive work in the area of meta analysis. 
· If a meta analysis is available you can see what the average effect size was for similar programs and what variables moderated that effect size.

· An example of a meta analysis with several results is provided in Exhibit 10-G.

· A meta analysis can provide an estimate of the effect you are likely to find in your program (if available) which you can use as your estimate of effect size when you are using a table or a program to determine how many participants you need in your study in order to have sufficient power to detect an effect. 

· Finally, note that an essential secondary goal of each evaluation should be to add to the stock of knowledge so that meta analyses can be done and so that each program does not have to be a re-invention of the wheel. We need to stand on the shoulders of giants, so publish or make available the results of your evalations!

