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ABSTRACT
Using several examples, the paper proposes an easily implemented procedure for interpreting interactions and quadratics in unobserved or latent variables. The suggested procedure also sheds considerable light on these variables, and, overall, the paper is intended to help bridge what may be a gap in survey researchers' understanding of the nature of associations in survey data.

Interactions, e.g. XZ in

1)

Y = b0 + b1X + b2Z + b3XZ + b4XX + b5ZZ + ζY ,

and quadratics (e.g., XX and ZZ in Equation 1) are likely to occur in experiments (McClelland and Judd 1993). Perhaps as a result, commercially available statistical packages (e.g., SAS, SPSS, etc.) estimate all possible ANOVA interactions by default, and experimental researchers routinely estimate all possible quadratics in ANOVA, to help them interpret significant main effects (e.g., b1 and b2 in Equation 1).

Interactions and quadratics are less likely to occur in survey data (see McClelland and Judd 1993, Podsakoff, et al 1984). Nevertheless, they may be more likely than their lack of investigation in survey research suggests (Busemeyer and Jones 1983; Birnbaum 1973, 1974)  (however, in Marketing see Baumgartner and Bagozzi 1995; Lusch and Brown 1996; Osterhuis 1997; Ping 1994, 1999; Singh 1998).

Authors have warned of the risks involved in ignoring interactions and quadratics in surveys (Blalock 1965; Cohen 1968; Cohen and Cohen 1975, 1983; Friedrich 1982; Kenny 1985; Howard 1989; Jaccard, Turrisi and Wan 1990; Aiken and West 1991): failure to consider interactions and quadratics is likely to lead to erroneous interpretations of the study's results.

Yet estimating interactions and quadratics in survey data is rare for several reasons. Estimating these variables with regression is comparatively straightforward (see Aiken and West 1991). However, when variables are measured with error, regression coefficients (e.g., b1, b2, b3, and b4 in Equation 1) are biased (i.e., as more studies are done, the average of b1, for example, across these studies does not converge to the population value for b1), and inefficient (i.e., b1 varies widely across studies) (Bohrnstedt and Carter 1971; Busemeyer and Jones 1983; Cochran 1968; Fuller 1987; Gleser, Carroll and Gallo 1987).

When variables are measured with error, unbiased and comparatively consistent structural equation estimation techniques for interactions and quadratics in are available (e.g., Bollen 1995; Hayduk 1987; Jaccard and Wan 1995; Jöreskog and Sörbom 1996; Kenny and Judd 1984; Ping, 1995, 1996b; Wong and Long 1987). However, these approaches are difficult to use (Aiken and West 1991-- see for example Jöreskog and Yang 1996). Further, despite numerous explanations of interactions and their interpretation (e.g., Aiken and West 1991; Darlington 1990; Denters and Van Puijenbroek 1989; Friedrich 1982; Hayduk 1987; Hayduk and Wonnacott 1980; Jaccard, Turissi and Wan 1990; Stolzenberg 1980), they may not be well understood by survey researchers (see for example Bedeian and Mossholder 1994; Denters and Van Puijenbroek 1989; Friedrich 1982; Lubinski and Humphreys 1990, Maxwell and Delaney 1993).

This paper aims to shed additional light on interactions and quadratics in survey data. It describes interactions and quadratics in this venue, and provides a straightforward approach to interpreting them that further illuminates their nature. We begin with a brief description of interactions and quadratics in survey data.


INTERACTIONS AND QUADRATICS IN SURVEY DATA

When there is no interaction between the variables X and Z in their association with the variable Y, their joint relationship with Y can be visualized as forming a plane in 3 dimensional space, the edges of which are the regression line of Y on Z (line 1 in Figure 1A), and the regression line of Y on X (line 2 in Figure 1A). The slope of regression line 1, for example, gives the strength, direction and significance of the association between Z and Y. For any values of X (e.g., xa and xb in Figure 1A) the regression lines of Y on Z at xa and xb (e.g., lines 1' and 1") are identical to line 1: they do not change orientation (i.e., they have the same slope). For all values of X the slope of the corresponding Z-Y regression line, or the association between Z and Y, at each of these x's is independent of the choice of x. Similarly, for all values of Z the slope of the corresponding X-Y regression line is independent of Z, and thus the association of X and Y is independent of Z.

When there is an interaction between X and Z, their joint relationship with Y can be visualized as a warped plane (see Figure 1B). In this case each value of x (e.g., xc and xd in Figure 1B) produces a different regression line of Y on Z (e.g., lines 3 and 4): each of these lines has a different orientation or slope. The equation for the slope of each of these lines, or the association between Z and Y, is the factored coefficient of Z in Equation 1 (e.g., the slope of line 3, or the association of Z and Y at xc, is the number b2 + b3xc ; the association of Z and Y at xd illustrated by line 4 is the number b2 + b3xd ; etc.). In this case, for each value of X the slope of the regression line, or the association between Z and Y, is different (i.e., the slope of regression line 3 is different from regression line 4, etc.), and thus the association between Z and Y (the slope) depends on the level of X.

Notice that in Equation 1 the factored coefficient of X is b1 + b3Z, and if the regression lines of Y on X were drawn in Figure 1 for different values of Z, each of them would also have a different orientation. Thus an XZ interaction produces a plane that is warped in both the Z-Y direction and the X-Y direction, and an XZ interaction affects the relationship or association between Z and Y, and the relationship between X and Y. In different words, a significant XZ changes the Z-Y and the X-Y associations from constants to variables (e.g., b2 + b3X and b1 + b3Z in Equation 1).

These comments apply regardless of how large the coefficient of the interaction XZ (b3) is, and they have a perhaps surprising implication. There is always some amount of interaction between X and Z in Equation 1 with survey data, except in the unlikely event that the survey data is multivariate normal. Thus for proper interpretation of a study's results, the issue is how large is this interaction? If it is small (e.g., b3 is not significant), it can safely be ignored because the Y relationships with X and Z, though they are nearly always variable in the sample, are not sufficiently variable to warrant special attention. However, if b3 is not small, the almost always variable Y relationships with X and Z are sufficiently variable to warrant special attention.

Quadratics are visualized using tangent lines to a sufrace. When there is no quadratic in X (i.e., b4 in Equation 1 is non significant), the joint relationship of X and Z with Y can be visualized as forming a plane as it did when there was no interaction. However, when there is a significant quadratic in X, the joint association plane is deformed into a trough (see Figure 1C). The shape of the trough is independent of Z (i.e., it is the same for all values of Z), but each different value of X produces a different tangent line to the trough (e.g., the tangent lines 3 and 4 for xe and xf, respectively, have different slopes), the slope of which is the association between X and Y. Stated differently, the association of X with Y at xc is different from the association of X with Y at xd because the tangent lines for each of these points have different slopes. The equation for the slope of each of these tangent lines (i.e., line 3 and 4) is the factored coefficient of X from Equation 1 (i.e., b1 + b4xe or b1 + b4xf ). Thus the size and direction of the slope, or the association between X and Y, in a small neighborhood of x (e.g., xc) depends on the level of X (e.g, xc): when X is low (e.g., xc) the X-Y association (the slope if line 3) is negative, but when X is higher the X-Y association (the slope of line 4) is nearly zero.

Warps and troughs are not the only possible shapes of the Y-X-Z response surface. Other possibilities include shapes corresponding to third order terms (e.g., interactions between Z and XX or ZZ, cubics in Z such as ZZZ, etc.), fourth order terms (e.g., interactions between ZZ and XZ), and more. However, the strength of these higher order terms (i.e., their structural coefficients or their b's) depends directly on their reliability, which is a function of the product of powers of the reliabilities of the first order variables that make up these higher order terms (e.g., X and Z for ZXZ). Because reduced reliability in higher order variables reduces their structural coefficient strength in survey data (see Aiken and West 1991), higher order terms above second order are likely to have small structural coefficients (i.e., b's), and thus they are likely to have minimal effects on the primary associations in a study (e.g., b1 and b4).

For emphasis, Equation 1 is the correct specification of a model with the three variables X, Z and Y. Similarly, a model with four variables (e.g., X, Z, W, and a dependent variable Y) is correctly specified by including all possible interactions and quadratics among X, Z and W (i.e., XZ, XW, ZW, XX, ZZ, and WW). The fact that this is done automatically in ANOVA for interactions, or easily accomplished by the analyst using contrasts for quadratics, but it requires many additional software instructions in regression or structural equation analysis, may help explain why interactions and quadratics are seldom investigated in survey data. However, we suspect that even if the effort required to specify all possible interactions and quadratics in ANOVA were the same as that required in structural equation analysis, few experimental researchers would simply assume that interactions and quadratics are unimportant, and not bother to investigate them, as survey researchers appear to do.


INTERPRETING INTERACTIONS AND QUADRATICS


There have been several proposals for interpreting regression interactions in survey data (e.g., Aiken and West 1991; Darlington 1990; Denters and Van Puijenbroek 1989; Friedrich 1982; Hayduk 1987; Hayduk and Wonnacott 1980; Jaccard, Turissi and Wan 1990; Stolzenberg 1980). Some of these interaction approaches involve evaluating the coefficient of the interaction itself (e.g., b3 in Equation 1), while others involve data plots similar to those employed in ANOVA. Others compare coefficients from median splits of the data, or they evaluate the factored coefficients (e.g., b2 + b3X from Equation 1). However, there is little guidance for interpreting quadratics in survey data, and there is no guidance for interpreting latent variable interactions and quadratics. To help fill this gap, we will adapt an approach patterned after Friedrich's (1982) suggestions for interpreting interactions in regression (see also Darlington 1990, Jaccard, Turrisi and Wan 1990) because the result may be useful and it sheds additional light on the nature of interactions and quadratics.

To illustrate the proposed approach we will use examples that are based on disguised, but nevertheless real, data from actual surveys. The abbreviated results of the LISREL 8 (ML) estimation of a model similar to Equation 1 is shown in Figure 2A. In these results the XZ interaction is large enough to warrant interpretation (i.e., it is significant). The proposed interpretation approach for interactions relies on tables such as Table 1 and factored coefficients such as the factored coefficient of Z, bZ + bXZX in Figure 2A. Column 2 in Table 1, for example, shows the factored coefficient of Z from Figure 2A (.047 - .297X) at several Column 1 levels of X in the study that produced the Figure 2A results. Column 3 shows the standard errors of these factored coefficients of Z at the various levels of X, and Column 4 shows the resulting t-values. Footnotes a) through d) further explain the Columns 1-4 entries, and Footnote a) provides a verbal summary of the moderated Z-Y association produced by the significant XZ interaction in Figure 2A.

Because there are always two factored coefficients produced by an interaction, and the XZ interaction was large enough to warrant the Table 1 attention, Columns 5-8 are shown to interpret the factored coefficient of X, -.849 - .297Z. Column 6 shows this factored coefficient at several Column 5 levels of Z. Column 7 shows the standard errors of this factored coefficient at the various levels of Z, and Column 4 shows the resulting t-values. Again additional information regarding Columns 5-8 is provided in Footnotes e) through i), and Footnote e) provides a verbal summary of the moderated X-Y association produced by the significant XZ interaction in Figure 2A.

To provide an example of the interpretation of a quadratic, the abbreviated results of the LISREL 8 (ML) estimation of another model similar to Equation 1 is shown in Figure 2B. The interpretation of the significant VV quadratic shown there uses Table 2 and the factored coefficient of V, .348 - .159V. Column 2 of Table 2 shows the factored coefficient of V at several Column 1 levels of V in the study that produced the Figure 2B results. Column 3 shows the standard errors of the factored coefficient of V at the various levels of V, and Column 4 shows the t-values. Again, the Footnotes further explain the column entries, and Footnote a) in Table 2 provides a verbal description of the effect of V on the V-Y association.

The suggested interpretation procedure is:

a) Request that the structural equation output include the variances and the covariances of the structural coefficients (e.g., Var(bZ)'s and Cov(bZ,bXZ)) required to compute factored coefficient standard errors (see Footnotes d and h).

b) Create table(s) similar to Table 1 for a significant interaction, or Table 2 for a significant quadratic, using a spreadsheet. For emphasis, use mean centered X (Z) values in Column 2 (Column 6). Use the standard errors of the factored coefficients for an interaction that are shown in Footnotes d) and h) of Table 1, and the standard error of the factored coefficient for a quadratic that is shown in Footnote d) of Table 2. For the minimum, maximum, and average values shown in Column 1 (and 5) use those of the observed indicator whose loading was fixed at 1 (e.g., in Column 1 use the minimum, maximum, and average values of the indicator x with a structural model loading of 1, since this is the indicator that establishes the metric for X).

c) Use Footnotes a) and e) as a guide to develop a verbal description(s) of the moderated association(s). These verbal description(s) should then be used in the discussion of the study results and their implications.


DISCUSSION

Several comments about Tables 1 and 2 may be of interest. As Columns 2 and 4 of Table 2 suggest, quadratics can behave like interactions. A factored coefficient for a quadratic can be negative at the high end of the range of the moderating variable (where it may or may not be significant), and it could be positive at the other end (where it may or may not be significant).

There are other possibilities as well. With different combinations of coefficients, interactions and quadratics could start out positive then become negative, or they could be consistently positive or consistently negative and simply become larger or smaller across the range of values of the moderating variable.

Notice that in Figure 1A bZ was nonsignificant (t = 0.59), yet the factored coefficient of Z was significant at both ends of the range of X in the study (see Column 4 of Table 1). Z had a negative association with Y when X was high or above its study average for the sample, but its association with Y was positive when X was lower or below its study average. Similarly, bX was significant in Figure 1A (t= -5.32), yet the coefficient of X moderated by Z was non significant when Z was very low (see Column 8 of Table 1). X was positively associated with Y for almost all levels of Z, except when Z was very low, where it was not associated with Y.

If standardized factored coefficients are desired (e.g., to compare the strength of the moderated coefficients to those of other variables, for example), they can be computed by multiplying the Column 2 factored coefficients in Table 1, for example, by the ratio of the variances of Z and Y (i.e., Column 2 value*Var(Z)/Var(Y), where Var is the dissattenuated variance available in the structural equation output).

As Aiken and West (1991) point out, the Column 2 (and 6) factored coefficient value at the average of the moderating variable is approximately the coefficient (and significance) of Z, for example, if XZ were omitted from Equation 1. Stated differently, if XZ were not specified in the Figure 2A equation, the observed Z-Y association would bZ'  .04. Similarly, if XZ were not specified in the Figure 2A equation the X-Y association would be bX'  -.84, and if VV were not specified in the Figure 2B equation bV' would be approximately .34. Notice that because mean centered data was used, the Column 2 value (and significance) of the factored coefficient for Z, for example, at the mean value of the moderating variable X was equal to the bZ value in Figure 2A (i.e., bZ + bXZX at X = 0, the mean of X, is bZ + bXZ0 = .047 = bZ).
 

This has several implications. Omitting a significant interaction or quadratic will not change the size, direction or significance of first order variables (e.g., X and Z in Equation 1), as long as mean centered variables are used. Omitting them simply reduces what we know about significant and nonsignificant first order variables and therefore clouds what we can say about them. For example in Figure 1A, bX would still have been significant if XZ were omitted; thus any hypothesis involving X and Y would have been supported, and many would be tempted, for example, to recommend increasing X to decrease Y. However, this would be a poor recommendation because X actually had no effect on Y when Z was low (see Column 8 of Table 1).

Similarly if XZ were omitted from Figure 2A, any hypothesis involving Z-Y would have been disconfirmed, but we would not have known that the Z-Y hypothesis could have just as easily been confirmed if the study average of X were lower (or higher) (see Column 2 of Table 1) . Stated differently, a significant XZ interaction, for example, can mask or suppress the Z-Y association. Based on our experience, when interactions and quadratics are omitted in the analysis of survey data, an hypothesized association, such as bZ for example, that turns up nonsignificant is frequently a signal that there is a significant XZ interaction or a significant XX or ZZ quadratic that is masking the hypothesized association (i.e., making it nonsignificant).

The invariance of bx or bz, for example, in Figure 2A to the presence or absence of significant interactions and quadratics also suggests that a significant interaction or quadratic adds to the explained variance of Y in Equation 1. In different words, omitting significant interactions and quadratics understates the impact of the first order variables X and Z in Equation 1, for example, on Y.

In addition, omitting a significant interaction or quadratic distorts any comparison of main effects (e.g., the comparison of βX and βZ, the standardized versions of bx or bz). For example, if the variances of X and Z were approximately equal (and thus Var(X)/Var(Y)  Var(Z)/Var(Y)), X does not actually explain more variance in Y than the nonsignificant Z in Figure 2A. When X was low, X and Z explained about the same amount of variance in Y (see the bottom of Column 2 in Table 1).

For emphasis, mean or zero centered variables (i.e., deviation scores, where the mean of a variable is subtracted from each case value for that variable) were used in Tables 1 and 2. Mean centering is required for all variables, including Y, in order to use structural equation analysis with the available interaction and quadratic detection techniques (see Kenny and Judd 1984). However, there has been much confusion over the use of deviation scores and interactions in the regression literature. Nevertheless, as Aiken and West (1991) showed, when factored  coefficients are used, mean centering has no effect on interpretation (i.e., the factored coefficients are scale invariant: the factored coefficients, their standard errors, and thus their t-values are identical with or without mean centering).

Explaining a quadratic usually requires some thought and care in wording. At first, it seems confusing to speak of the variable V, for example, as moderating itself. But when VV is significant, this is exactly what is implied: the variable V's association with Y depends on the existing level of V. For study respondents with a lower level of V in Table 2, increases in the variable V are associated with increased Y (see Column 2 of Table 2). For study respondents with a high level of V, changes in V are not associated with changes in Y.

Explaining both sides of an interaction can also be challenging. For example, a weakening and eventually non significant X-Y association (e.g., Columns 6 and 8 of Table 1) could be theoretically (or practically) plausible, but a positive then negative Z-Y association (e.g., Columns 2 and 4 of Table 1) could challenge existing theory. Associations that are significantly positive and significantly negative in one study can be difficult to explain, and it is natural to want to dismiss the result as faulty analysis. However, an implausible Z-Y association in Column 2 of Table 1, for example, can always be verified by restricting the model to cases where X (actually the indicator x whose loading was set to 1) is above 4.05 and below 3, and one may be left with a result that creates more questions than it answers.

The Columns 3 and 7 standard errors must be manually computed. While the output of variances and covariances of the structural coefficients (i.e., b's) required in Footnotes d) and h) can be requested, LISREL produces correlations instead. Nevertheless, the variance of a structural coefficient b is the square of its standard error, and standard errors are always available. In addition, the covariance of bX and bZ, for example, is rX,Z*SEbx*SEbz), where rX,Z is the correlation of bX and bZ produced by LISREL.

It is also possible to calculate the point(s) at which the factored coefficients become significant (see Aiken and West 1991). For t = 2, the Column 1 (or 5) values (xc) at which the factored coefficient t-value equals 2 are

                                                               ________________________________________

                            -[2ab - 8Cov(a,b)]  [2ab - 8Cov(a,b)]2 - 4[a - 4Var(a)][b2 - 4Var(b)]

                            -------------------------------------------------------------------------------------,

                                                                   2[b2 - 4Var(b)]

where a and b are the coefficients in the factored coefficient a + bX (e.g., b2 + b3X, b1 + b4X, etc.); Var denotes the variance of a structural coefficient (i.e., the square of its standard error); and Cov denotes covariance. For emphasis a or b could be negative.

While it is possible to have significant pairs of second order variables that share a common first order variable (e.g., XZ and ZZ, XZ and XX, etc.), such occurrences appear to be rare with survey data in the social sciences (second order variables with no common first order variable, such as XZ and VV, are more likely). However, for completeness, the factored coefficient of Z, for example, for significant XZ and ZZ is (b2 + b3X + b5Z), and the standard error of this factored coefficient is

  ___________________________________________________________________________

 Var(bZ) + X2Var(bXZ) + 2XCov(bZ,bXZ) + 2XZCov(b3,b5) + Z2Var(b5) + 2ZCov(b2,b5) . 

The Table 1 is replaced by several interpretation tables, one for each level of X. The factored coefficient for X is similar, and it too has multiple interpretation tables.
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Figure 1- Response Surfaces for Y as a function of X and Z



(Click here to view Figure 1)
Figure 2- Equation 1 Structural Model Estimation Results

A)

Y =  bXX  +  bZZ  +  bXZXZ  +  bXXXX  +  bZZZZ

                    -.849     .047     -.297          .001         .004      (= b)

                   (-5.32)  (0.59)   (-4.00)       (0.10)       (0.09)    (= t-value)

B)

Y =  bVV + bWW + bVWVW + bVVVV + bWWWW

                    .348    -.347     -.007          -.159         .010      (= b)

                   (5.11)  (-2.34)   (-0.09)       (-3.45)      (0.29)    (= t-value)

Table 1- Unstandardized Y Associations with Z and X Implied by the Figure 2A Results

                  Z-Y Association                                 X-Y Association  

                  Moderated by Xa                                Moderated by Ze            
                                 SE of     t-value                                 SE of     t-value

                     Z            Z           of Z                        X           X         of X     

       X         Coef-     Coef-      Coef-          Z        Coef-     Coef-     Coef-

     Levelb   ficientc   ficientd    ficient      Levelf   ficientg   ficienth   ficient
        5
-0.23
0.09
-2.48           5
-1.31       0.25      -5.19 

     4.05i
0.04
0.08
 0.59           4
-1.01       0.19      -5.33 

        4
 0.06
0.08
 0.77        3.44i
-.84       0.16      -5.32 

        3
 0.36
0.12
 2.92           3
-.71       0.14      -5.15

        2
 0.65
0.18
 3.52           2
-.42       0.11      -3.59

     1.2
0.89
0.24
 3.70           1      
-.12       0.13       -.94 

      (1)          (2)          (3)          (4)           (5)          (6)         (7)         (8)      (Column Number)

a
The table displays the variable association of X and Z with Y produced by the significant XZ interaction. In Columns 1-4 when the existing level of X was low in Column 1, small changes in Z were positively associated with Y (see Column 2). At higher levels of X however, Z was less strongly associated with Y, until near the study average for X, the association was nonsignificant (see Column 4). When X was above its study average, Z was negatively associated with Y.

b  The value of X ranged from 1.2 (= low X) to 5 in the study.

c  The coefficient of Z is (.047-.297X)Z with X mean centered. E.g., when X = 1.2 the coefficient of Z is .047-.297*(1.2 - 4.05) = .89.

d  The Standard Error of the Z coefficient is:

     ADVANCE \r0

ADVANCE \r0___________   ADVANCE \r0

ADVANCE \r0         _______________________________

    Var(bZ+bXZX)  =  Var(bZ) + X2Var(bXZ) + 2XCov(bZ,bXZ),

   where Var and Cov denote variance and covariance, and b denotes unstandardized structural coefficients

    from Figure 2A.

e
This portion of the table displays the association of X and Y moderated by Z. When Z was low in Column 5, the X association with Y was not significant (see Column 8). However, as Z increased, Xs association with Y quickly strengthened, until it was negatively associated with Y for most values of Z in the study.

f  The value of Z ranged from 1 (= low Z) to 5 in the study. 

g  The unstandardized coefficient of X is (-.849-.297Z)X with Z mean centered. E.g., when Z = 1 the

   coefficient of X is -.849-.297*(1-3.44) = -.12.

h  The Standard Error of the X coefficient is:

    ADVANCE \r0

ADVANCE \r0

ADVANCE \r0

ADVANCE \r0

ADVANCE \r0

ADVANCE \r0____________      ADVANCE \r0

ADVANCE \r0________________________________

    Var(bX+bXZZ)  =  Var(bX) + Z2Var(bXZ) + 2ZCov(bX,bXZ), 

   where Var and Cov denote variance and covariance, and b denotes unstandardized structural coefficient from Figure 2A.

i  Mean value in the study.

Table 2- Unstandardized V-Y Associations Implied by the Figure 2B Results

      V-Y Association Moderated

             by the Level of Va            
                           SE of        t-value

               V            V            of V

   V        Coef-      Coef-       Coef-

 Levelb  ficient c  ficientd      ficient
    5
-0.07       0.11          -0.64

    4
0.08       0.07           1.11  

    3
 0.24       0.06           3.96

  2.36e
0.34       0.06           5.11

    2
0.40       0.07           5.31

    1        
0.56       0.11           5.15

(1)
 (2)
  (3)
     (4)

(Column Number)

a
The table displays the variable association of V with Y produced by the significant quadratic VV. When the existing level of V was low in Column 1, small changes in V were positively associated with changes in Y (see Column 2). As the Column 1 level of V increased in the study, Vs association with Y weakened (i.e., became smaller in Column 2), and it was nonsignificant when the level of V was high (see Column 4). 

b The value of V ranged from 1 (= low V) to 5 in the study. 

c The factored coefficient of V is (.348-.159V)V with V mean centered. E.g., when V = 1 the coefficient of V is .348 -.159*(1-2.36) = .56.

d The Standard Error of the V coefficient is:

     ADVANCE \r0

ADVANCE \r0

ADVANCE \r0

ADVANCE \r0___________          _____________________________________

    Var(bV+bVV)  =  Var(bV)+V2*Var(bVV)+2*V*Cov(bV,bVV) , 

where Var and Cov denote variance and covariance, and b denotes unstandardized structural coefficients from Figure 2B.

e The mean of V in the study.

ENDNOTES

�.Interactions and quadratics can be viewed as an artifact of data that is not multivariate normal, and continuous or ratio survey data, although typically nonnormal, is less so than data from experiments. However, because many surveys involve ordinal data (e.g., from Likert scales) that is per se nonnormal, interactions and quadratics should be more likely than their occurrence in published survey results suggest.


�. In Equation 1 �the factored coeffi�cient of Z is (b2 + b3X). When the coefficient of XZ (b3) is significant, this factored coefficient of Z will be significant for some X values in the study, and this produces very differ�ent interpretations of the Z-Y association than does the coefficient of Z in Equation 1 without XZ (i.e., Y = b0' + b1'X + b2'Z ) (see Aiken and West 1991). �If b2' is not signifi�cant, failing to include a significant XZ in Equation 1 produces a misleading interpretation of the Z-Y associa�tion. A nonsignifi�cant b2' implies the Z-Y association is disconfirmed, but it is misleading to state that Z is not associated with Y in the study. This association simply depends on the level of X in the study, and this statement may be more important to some readers than the disconfirmation of the Z-Y association.


     Alternatively, b2' could be sig�nif�i�cant while (b2 + b3X) could be nonsig�nif�i�cant for some (but not all) values of X. In this case, not including a significant XZ will produce a misleading confirmation of the Z-Y association. The significant Z-Y association is actually nonsignificant for some values of X in the study, and this information may also be more important to some readers than a confirmation of the Z-Y association


     The algebra and implications of not including quadratics in Equation 1 are similar, except the equation for the coefficient of Z, for example, changes to (b2 + b5Z).


�. If there are any indicators of X with loadings greater than one, the loadings of X should be respecified by fixing the loading of the indicator with largest loading to 1 and freeing the other indicators of X.


�. This is not true with non mean centered data. With non mean centered data (which should not be used to detect interactions or quadratics with structural equation analysis), the Column 2 factored coefficient value at the average of the moderating variable X, for example, will not equal bZ in Figure 2A.





