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Although several books have been published on interaction effects in multiple OLS and 
logistic regression (Aiken & West, 1991; Jaccard. Turisi, & Wan, 1990; Jaccard, 2001), the 
comprehensible presentation and explication of interaction effects still presents a problem in 
scholarly practice. Once a significant interaction effect has been found in the original 
regression estimation, its meaning is usually difficult to understand, particularly for the 
reader. The key problem is to outline how the influence of a particular independent variable is 
moderated by another independent variable. In other words, it has to be made clear how the 
influence of a particular independent variable changes at different values of another 
independent variable. More importantly, it has to be established whether these conditional 
influences indeed present influences or are merely random. Therefore, scholars agree that, 
besides the plotting of the interaction, there should also be a statistical post hoc probing of the 
interaction term (Aiken & West, 1991; Jaccard et al., 1990). More specifically, it should be 
tested whether the various influences of a particular variable as conditional on another 
variable differ significantly from zero. This does not create many problems in terms of 
dichotomous variables, but raises some issues when metric variables are involved in the 
interaction. Before this problem can be outlined, some basic equations and terminology have 
to be introduced. 

Al Basic equations and terminology 

In the case of an interaction between two variables, the basic equation is 

Y=b0+b,X+b2Z + bjXZ+ e (El) 

where Z is the variable whose values condition the influence of X on Y. This is signified by 
the multiplicative term XZ. The equation can be restructured as: 

Y= (bi + bjZ)X + b2Z+ b0 + e (E 1.1) 

Note that the slope of X, i.e. the influence of X on Y, is now expressed as (b]+bfZ). 
Consequently, the slope (or influence) is not constant, but varies by the different values of Z. 
This type of slope, which depends on values of another independent variable (here: Z), is 
further referred to as simple slope following the terminology used by Aiken and West (1991). 
The variable that is moderated (here: X) is called the focal independent variable. The 
independent variable whose values determine the simple slope (here: Z) is called the 
moderating variable. In the case of interactions between more than two variables, it is helpful 
to talk about first-order moderating variable, second-order moderating variable, etc. 
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A2 Post hoc probing of an interaction between a metric and a dummy variable 

In Chapter 4, a significant interaction effect between the amount of coverage (metric variable) 

and the nature of elite opinion (dummy variable) is expected. In other words, the b3 

coefficient in E 1 is expected to be significant. Assuming such a significant overall interaction 

effect occurs, what does this mean substantively? In a first step, the interaction should be 

plotted (see Figure 4.1). One can easily do this by replacing the variables in E 1 with the 

values obtained from the estimated regression model (Model 1, Table 4.2). Of primary 

importance are the values of the moderating variable Z. If, like in Chapter 4, the nature of elite 

opinion as polarized or consensual is a dummy variable, two equations are computed, one for 

elite opinion being consensual (i.e., Z equals 0) and one for elite opinion being polarized (i.e., 

Z equals 1). The results define the two lines in Figure 4.1. Typically, the plot facilitates the 

understanding of the interaction considerably (see Figure 4.1). 

Statistical post hoc probing 

In a next step, it should be tested whether the newly obtained simple slopes of the two lines 

differ significantly from zero. To establish this, post hoc statistical testing of the significance 

of the simple slope (bi+bsZ) in E 1.1 is necessary. In other words, for particular values of Z it 

is tested whether the simple slope differs significantly from zero. In the example with its two 

values of Z, this is comparatively easy. In Chapter 4, one can compute the simple slope by 

plugging the respective regression coefficients from the multiple regression output (Model 1, 

Table 4.2) into the term (bi+b3Z), once for Z being zero and once for Z being 1. This gives the 

simple slopes for the two values of Z. However, how do we get a f-value to check whether 

each simple slope differs significantly from zero? The f-value is obtained by dividing the 

unstandardized regression coefficient by its standard error. What is then needed, is the 

standard error of each of the two simple slopes. The standard error can be computed for each 

of the simple slopes using the following formula (Aiken & West, 1991, p. 16; for the 

derivation of this formula, see pp. 24-26): 

Sb = (s,i + 2Zs,j + Z W / 2 (E 2) 

where 

• Sb is the standard error of the simple slope 

• sii is the variance of coefficient bi in E 1, 

• sis is the covariance between coefficients b] and bj in E 1 and 

• sj3 is the variance of coefficient bj in E 1 

The variances/covariances of the coefficients can be obtained from the estimated 

variance/covariance matrix of the predictors in a multiple regression. The values have to be 

substituted in equation E 2. once with Z being zero and once with Z being one (for the 
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example of consensual or polarized elite opinion in Chapter 4). With the two already 
computed slopes as numerator, the obtained two standard errors are subsequently used as the 
denominator to compute the two f-values, one for Z being zero and one for Z being one. The 
obtained f-values can finally be checked for significance in a f-table. The degrees of freedom 
are computed with (n - k — 1) where n is the number of cases and k is the number of 
predictors, not including the regression constant. 

A3 Post hoc probing of three-way interaction effects with one metric moderating 
variable 

In Chapter 5, a three-way interaction between the tone of coverage, consonance/dissonance of 
the entire coverage, and the visibility of EU representatives is expected. Visibility of EU 
representatives is a metric second-order moderating variable (the dummy variable 
consonance/dissonance is the first-order moderating variable). With a moderating metric 
variable, the problem arises that each of the possible values of a metric variable differently 
conditions the effect of the focal independent variable on the dependent variable. This renders 
the plotting of the interaction difficult, but, more importantly, it creates severe problems for 
the post hoc statistical testing of the interaction term. In principle, for every single value of 
the moderating metric variable, the interaction has to be tested for a significant difference 
from zero. Because this is cumbersome work, Aiken and West (1991) therefore suggest to 
select three values of the metric variable - its mean, and one standard deviation below and 
above the mean - and to test the interaction at these three values for significance. This is a 
pragmatic solution, yet introduces an arbitrary moment to the post hoc statistical probing of 
the interaction term. As one can easily imagine, the specific interaction may become 
significant or not significant at other values of the moderating metric variable (e.g., two 
standard deviations below or above the mean). In other words, with a little bit of creative 
reasoning, findings may easily be made significant. Therefore, a slightly different procedure 
of post hoc probing interactions with metric variables may be useful. 

I stick to the example of the three-way interaction between tone of coverage, 
consonance/dissonance, and visibility of EU representatives (Chapter 5). To review, the basic 
idea of the three-way interaction between the tone of coverage of EU representatives, 
consonance/dissonance, and visibility of EU representatives was that the effect of tone of 
coverage (i.e., the focal independent variable) in consonant media systems (i.e., the first-order 
moderating variable) depends upon the visibility of EU representatives (i.e., the second-order 
moderating variable). More generally, a regression equation with a three-way interaction 
effect can be expressed as: 

Y = b0 + bjX + b2Z + b3W + b^XZ + bsXW + b6ZW + b7XZW + e (E 3) 

where XZW represents the three-way interaction. Note that all lower-level interactions must be 
included in the equation for statistical control reasons. The equation can be restructured as: 
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Y = (bi + b4Z + b5W + b7ZW)X + b0 + b2Z + b3W + b6ZW + e (E 3.1) 

Let X represent the tone of coverage, Z consonance/dissonance and W the visibility of EU 
representatives. It becomes obvious in the term (bj + b4Z + b$W + byWZ) that the impact of 
the tone of coverage X depends upon consonance/dissonance Z and the visibility of EU 
representatives W. In other words, different values of Z and W result in different slopes at the 
same value of X - the influence of X on Y thus varies by the values of Z and W. This has a 
simple implication for the plotting of the interaction effect. Because the simple slope 
expressed with the term {bj + b4Z + b5W + b7WZ) varies by different values of Z and W, one 
can compute the slope for as many values of Z and W as possible and plot them. One can then 
see how the simple slope (i.e., the influence of X on Y) changes as W and Z change. More 
specifically, given that consonance/dissonance Z is a dummy, one can easily discern how the 
influence of the coverage depends on the visibility of EU representatives if coverage as a 
whole is either consonant or dissonant. 

As mentioned above, Aiken and West (1991) suggest to plot the interaction for 
selected values of the metric variable, typically the mean, and one standard deviation above 
and one standard deviation below the mean. For the specific case to be investigated in this 
chapter, this would mean to plot the original two-way interaction between tone of coverage 
and consonance/dissonance three times - once for the mean visibility of EU representatives, 
once for the visibility of EU representatives at one standard deviation below the mean, and 
once for the visibility of EU representatives at one standard deviation above the mean. This 
may give an initial impression of how the original interaction changes at different levels of 
visibility of EU representatives. However, as said above, this also entails a moment of 
arbitrariness and unnecessarily limits our view on the spectrum of the moderating influence of 
the second-order moderating variable (i.e., visibility of EU representatives). Therefore, I 
suggest to plot the simple slopes of X for both consonance and dissonance (i.e., the two values 
of Z) at all different levels of the visibility of EU representatives (i.e., different values of W). 
This has also the positive side-effect that the number of figures needed is reduced from three 
to one (see Figure 5.2). 

An even more pressing problem of Aiken and West's (1991) procedure of selecting 
three values is associated with the post hoc statistical probing for significance if the 
moderating variable is metric. Recall that the slope of each line in an interaction graph has to 
be tested for significant difference from zero. As mentioned above, if only the lines based on 
three values of the moderating variable are graphed, this may distort the findings because 
automatically only the simple slopes depending on the selected values are probed for 
significance. Selecting other values of the metric variable may considerably improve or 
deteriorate the significance of results. As a consequence, it seems necessary to take the whole 
spectrum of values of the moderating metric variable into account. In other words, for each 
possible slope (which varies by the moderating variable), the pertinent standard error has to 
be computed to eventually get the pertinent f-value. Admittedly, this requires some work 
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because the standard statistical software does not give the values. The formula to compute the 

standard error of a particular slope of Y on X at particular values of Z and W is (Aiken & 

West, 1991, p. 54): 

Sb = [su + Z2s44 + W2s55 + Z2W2s77 + 2Zs,4 + 2Wsi5 

+ 2ZWS/7 + 2ZWs45 + 2WZ2s47 + 2W2Zs57]
,/2 (E 4) 

where 

• su is the variance of coefficient bj in E 3 

• S44 is the variance of coefficient £><? in E 3 

etc., and 

• S]4 is the covariance of coefficient bj and coefficient fc? in E 3 

• sis is the covariance of coefficient bj and coefficient b$ in E 3 

etc. 

Plugging the respective values for Z and W in E 4 gives the standard errors for each 

combination of Z and W. Dividing the slope for a particular combination of Z and W by the 

standard error of this particular combination of Z and W, gives the f-value of the particular 

slope. The computed f-values can finally be checked for significance in a f-table. The degrees 

of freedom are computed with (n - k- 1) where n is the number of cases and k is the number 

of predictors without the regression constant. Thus, in contrast to Aiken and West (1991), not 

only the slopes at three selected values of the moderating variable are probed for significance, 

but this is done for the slopes at all possible values of the moderating variables. Moreover, it 

may be helpful to plot the r-values. This procedure may give a satisfying overview of the 

areas where the influence of the moderating variable on the two-way interaction is significant 

(see Figure Bl in Technical Appendix B). 

A4 Post hoc probing of interaction effects with exclusively metric moderating variables 

In Chapter 6, there are three metric variables - trade relations, performance depiction, and 

cognitive mobilization. This takes the problem mentioned in the preceding section to its 

extreme. However, the strategy outlined in the preceding sections can be extended to this 

problem. First, all simple slopes that result from the varying values of the first and second-

order moderating variable (here: trade relations and cognitive mobilization) are computed and 

may be plotted. Next, for all of these simple slopes standard errors are computed using 

equation E 4. Finally, the f-values for each of the simple slopes are computed. It may be 

useful to plot the simple slopes. Given that three-metric variables are involved, a third 

dimension has to be added when plotting the simple slopes. This results in three-dimensional 

surface diagram (see Figure 6.3). 
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A5 Post hoc probing of interaction effects between metric variables in logistic regression 

All preceding sections referred to interaction effects in OLS regressions. However, in Chapter 

7, interaction effects between metric variables (e.g., country size and tone of coverage) on a 

dichotomüus dependent variable were hypothesized. How can tue uasic strategy oi statistical 

post hoc probing of interaction effects developed above for OLS regressions be transferred to 

logistic regressions? Two aspects should be taken into account. First, scholars usually agree 

that interaction effects in logistic regressions can be modeled and treated like interaction 

effects in OLS regressions (e.g., DeMaris, 1992; Menard, 1995; Pampel, 2000). Second, 

Jaccard (2001) has recently suggested several ways of presenting interaction effects in logistic 

regression. However, he focuses very much on the plotting of interaction effects with the 

dependent variable as logged odds. Although logged odds lend themselves nicely to plots, 

they lack an intuitive meaning and may be substantively inaccessible. Dependent variables as 

odds, in turn, do not lend themselves to plots, yet are easier to interpret (see for a similar 

reasoning, Pampel, 2000). Because the plotting of interaction effects in logistic regression is 

apparently not without its problems and because the focus of the strategy outlined in this book 

lies on the post hoc testing for significance rather than on plots, I do without plotting 

interaction effects in logistic regression. Instead, I focus on the statistical post hoc probing of 

significance. In order to extend the basic strategy of the preceding sections to interactions 

effects, it has first to be shown that interaction effects in logistic regressions are comparable 

to interaction effects in OLS regression. This is usually presupposed in the literature, but may 

be worth demonstrating, especially for readers less familiar with logistic regression and 

interaction effects. Second, I briefly describe the computation of the standard error of the 

simple slopes. 

The general function of logistic regression with logged odds as dependent variable is: 

ln(P/l-P) = b() + b,X + b2Z + bfXZ + e (E 5) 

where 

• ln(P/l-P) is the logged odds of the dependent variable 

These terms can be simplified such that it becomes more obvious that the slope of X (i.e., the 

influence of X on the dependent variable) is conditional on values of Z. Equation 5 thus 

becomes: 

ln(P/l-P) = (b, + bjZ)X +b0 + b2Z + e (E 5.1) 

Because the dependent variables as logged odds in equations 5 and 5.1 lack substantive 

meaning, the dependent variables is transformed into odds by exponentiation. In other words, 
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each side is taken as an exponent to the natural logarithm base. Because the logarithm of a 
number as an exponent equals the number itself (the logarithm of ex equals X), exponentiation 
leads to the odds of the dependent variable. 

P/l-P = e^^z)x+b0+b2z+E ( E 5 2 ) 

Because generally the exponential of X+Y equals the exponential of X times the exponential 
of Y (i.e., ex+Y = ex * xy), E 5.2 can be rewritten as: 

pl\-P = e^
+b^X * / 0 *e

b2Z
+£ ( E 5 3 ) 

Note that the simple slope (bi + b}Z) is identical to the simple slope in E 1.1 and, thus, in 
OLS regressions. Of course, this also means that the impact of X on the dependent variable is 
conditional on values of Z and that interactions in logistic regression can be treated like 
interactions of metric variables in OLS regression. Thus, replacing the coefficients and the 
conditioning variable Z with values gives the effect of a one-unit change in X on the 
dependent variable. The main difference between logistic and OLS regression is, however, 
that, in logistic regression, the dependent variable is expressed in odds and that the 
coefficients present the power to which the natural logarithm base is raised. Hence, 
substituting the values for b/ and bj and for (selected) Z's, gives the factor by which the odds 
of the dependent variable change for a given Z when X increases by one unit (see Pampel, 
2000). For example, in Chapter 7, the tone of coverage represents the focal independent 
variable X and country size represents the moderating variable Z. First, the logistic regression 
coefficients for b/ and bj (i.e., the logistic regression coefficients for tone and the interaction 
between tone and country size) need to be replaced with the values from the estimated logistic 
regression model. Next, selecting values of the moderating variable Z (i.e., country size) and 
raising the natural logarithm base to the power of the (bi + bjZ) term gives the factor by 
which the odds of the particular fear change for the selected country size when X (i.e., the 
tone) becomes more positive by one unit. 

Again, the question arises whether the simple slope (bi+bjZ) differs significantly from 
zero at different values of Z. In logistic regression, dividing the logistic regression coefficient 
by its standard error gives a z-value that tells whether and at which significance level a 
coefficient is significant. As Hosmer and Lemeshow (2000, pp. 33-42) have outlined in detail, 
the standard errors of the coefficients can be computed with values from the estimated 
variance/covariance matrix of the logistic regression coefficients. This procedure is identical 
to the one described in section 2 so that, in the case of a two-way interaction, equation E 2 
may be used to compute the standard error of the various simple slopes. In other words, the 
same computational procedure as in OLS regressions can be used in logistic regressions to 
obtain the specific standard errors of the simple slopes and, thereby, the z-values. These 
values can subsequently be looked up for at which level they are significant. 


