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V. ESTIMATING LATENT VARIABLE INTERACTIONS AND QUADRATICS
Each of the structural equation approaches just discussed will estimate a latent variable interaction or a quadratic, but the choice of which to use depends on several factors. For example product indicator approaches (i.e., the Kenny and Judd 1984, Hayduk 198, Jöreskog and Yang 1996, Bollen 1995, and Ping 1996a approaches) are limited in practice to a single interaction with a few product indicators. As the number of product indicators increases model fit declines (see Gerbing and Anderson 1993:50, Bagozzi and Heatherington 1994), and input covariance matrix stability (i.e., the likelihood that the covariance matrix of the indicators is reasonably assymptoticly or large sample correct) declines because each product indicator increases the size of the input covariance matrix relative to the number of available cases. While there is no hard and fast rule, our experience is that in moderately complex models (e.g., with 5 or more factors or constructs), 5-6 product indicators will adversely affect model fit.

Fortunately there are several other approaches that can be used. To improve model fit and reduce degrading the stability of the input covariance matrix, the number of product indicators can be reduced by using subset of product indicators that are internally consistent (i.e., they fit the data well) can be used (i.e., Jaccard and Wan 1995). However, reducing the number of product indicators is limited by concerns for the content validity of the interaction. For XZ, for example, to be content valid, it is reasonable to expect a subset of its product indicators to span or contain all the indicators in X and Z. Thus in Figure J1 a minimum of 2 product indicators would be required to specify a content valid XZ interaction-- the product indicators would contain all 2 xs and all 2 zs and would be of the form x1z, ... , x2z, where  takes on every value in the set of integers 1, 2 at least once (e.g., x1z1, x2z2, or x1z2, x2z1, etc.). In addition, while there are many subsets of product indicators that will span X and Z, in practice only a few will improve model fit, and finding them is tedious.

It is frequently easier to use single indicator approaches (i.e., the Ping 1995 single indicator approach). The content validity of XZ is assured because the single indicator of the interaction is the sum of all possible unique product indicators (see Equation 4). However, direct estimation with a single indicator approaches and LISREL 8 also has its limitations. The Ping (1996a) single indicator approach with direct estimation using LISREL 8 is limited to a single interaction. When several sets of Equations 8b and 8c are estimated directly in LISREL 8 (i.e., using LISREL 8's constraint equations) it may fail to converge because the direct estimation of Equations 8b and 8c violates an assumption in LISREL 8, and LISREL 8 is not robust to many violations of this assumption.

When many interactions are to be estimated, or the model is complex and model fit is a concern, the Ping (1996c) latent variable regression approach is useful. The content validity of XZ is assured because the entries in the adjusted covariance matrix involving XZ (=[x1+x2][z1+z2] = x1z1 + x1z2 + x2z1 + x2z2) reflect all the product indicators. In addition, input covariance matrix stability is not degraded because interaction indicators are no longer present.

DISCUSSION_
All of the above approaches have several things in common. With the exception of latent variable regression and Jöreskog and Yang's (1996) approach, they each require the indicators of the independent variables to be zero or mean centered. While this limits these approaches to indicators measured using scales such as Likert and rating scales that have an arbitrary zero point, these scales are common in the social sciences. Mean centering is accomplished by subtracting the mean of an indicator from each case value of that indicator. Mean centering produces indicators with means of zero, which was assumed in deriving Equations 6-9c, and the variations on Equations 8b and 8c in Ping (1996c). It also reduces the collinearity of XZ with X and Z which may be essential in detecting the presence of an interaction (see Aiken and West 1991). After mean centering is accomplished, the product indicators or the single indicator variable(s) must be added to each case.

Mean centering of the dependent variables is also required to avoid biasing the interaction coefficient. Thus in Equation 1 X, Z and Y should be mean centered.

Covariances
In addition, X and Z must be allowed to covary with the interaction XZ in the structural model (i.e., the covariances of XZ with X and Z, φxz,x and φxz,z must be free in the structural equation program-- this is assumed in regression). Among other things, model fit is degraded and coefficient estimates are biased otherwise.

Equations 6-9c and the covariance matrix adjustment equations used in Ping (1996c), assumed the measurement errors of X and Z were uncorrelated. If measurement errors must be correlated, equations 6-9c should be replaced by the equations shown in Ping (1995, 1996a) that reflect correlated measurement errors in X and Z. However, latent variable regression should not be used because no adjustments for correlated measurement errors were given.

Starting Values
Product indicator and single indicator approaches frequently require starting values for the structural coefficients (bi in equation 7a) and structural error terms (ζ in equation 7a) in LISREL 8, EQS and AMOS, and, if they are not fixed, starting values are frequently required for the product indicator or single indicator loadings and measurement errors, and the variance of XZ (=Var(X)Var(Z)+Cov2(X,Z), see the derivation of Equation 8). Without them LISREL 8, EQS and AMOS can experience convergence problems. These starting values can be calculated using Equations 6b, 6c, 7b, 7c, 8b, 8c, 9b and 9c and estimates of the loadings, measurement errors, variance, and covariance of X and Z from a full measurement model (i.e., involving X, Z, Y, etc., but not XZ).

Starting values for the structural coefficients can be obtained using ordinary least squares regression. This is accomplished by summing the indicators for X, Z, and Y in each case, forming XZ as the product of the indicator sums for X and Z in each case, and using regression to estimate the structural coefficients. A starting value for the structural error term can be obtained using the R2 produced in this regression estimation and the equation ζ = Var(Y)*(1-R2), where Var(Y) is the variance of Y available in SAS or SPSS, or in the full measurement model of X, Z, Y, etc. (but not XZ) used to determine the starting values for the product or single indicator loadings and measurement errors, and the variance of XZ.

Unidimensionality
The unidimensionality of indicators (i.e., having one underlying construct) is desirable with these techniques. A necessary condition for unidimensionality is that a single construct measurement model (i.e., one involving only the construct and its indicators) fit the data well (i.e., the indicators are internally consistent). Thus for independent latent variables X, Z, and XZ, and the dependent latent variable Y, the single construct measurement model for X should fit the data well, as should one for Z, one for XZ, and one for Y. With good single construct measurement model fits, the two step approach is efficient. That is, the calculated values for the loadings and measurement errors for XZ taken from the full measurement model that excludes XZ are similar to those calculated from the loadings and measurement errors for X and Z in the structural model that includes XZ.

Without good single construct measurement model fits, the loadings and measurement errors for X and Z in the structural model will be different from those in the full measurement model, and the calculated loadings and errors for XZ must be recalculated using the structural model loadings and errors for X and Z. In addition without good single construct measurement model fits, the structural model fit will be degraded.

First Derivatives
To obtain good single construct measurement model fit, several approaches can be used. However, none appears to be particularly efficient or effective in this application. As an alternative Ping (1999b) proposed using partial derivatives of the likelihood function with respect to the measurement error terms (these are termed first derivatives in LISREL 8). The matrix of these derivatives from a single construct measurement model is examined, and the item with the largest summed first derivatives without regard to sign is omitted. This process is repeated until the model fits the data. The procedure is similar to Jöreskog and Sörboms (1996a) proposal to improve fit using modification indices in LISREL (i.e., partial derivatives of the likelihood function with respect to fixed parameters) to suggest paths that could be freed. While this procedure produces a maximal subset of items that fit the data, it or any other procedure that omits items should be used with care, however, because omitting items may degrade content validity.

Reliability
While it is well known why the reliability of X and Z are important, the reliability of XZ is also important for these same reasons. The reliability of XZ is approximately the reliability of X times the reliability of Z (see for example Aiken and West 1991). Thus if X and Z have reliabilities of .8, the reliability of XZ using all unique product indicators will be approximately .64, which is lower than the commonly accepted .7 cut off for reliability in Management. Unfortunately, I have found that improving the single construct model fit of XZ will usually not improve the reliability of XZ (it may even decline). Thus the reliability of X and Z should be as high as possible so the reliability of XZ is acceptable.
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VI. EXAMPLES
For pedagogical purposes I will reanalyze data involving reactions to relationship problems in interfirm economic exchange relationships reported in Ping (1993). Loyal behavior (L) by firms was argued to be associated with relationship satisfaction (S), alternative interfirm exchange relationship attractiveness (A), investment in the present relationship (I), and the cost to switch relationships (C) (loyal behavior was conceptualized as remaining silent when there were relationship problems, confident things would get better). Significant I-L and C-L associations were reported, and to probe the nonsignificant S-L and A-L associations, first I added an SxA interaction to the original model

L = b1S + b2A + b3I + b4C + ζ,
(8

then I systematically added more interactions to illustrate the framework for latent variable interaction estimation discussed earlier, and provide examples of the several approaches in it.

SxA  INTERACTION
To estimate the SxA interaction, first, mean center the indicators of all the latent variables, including the dependent variable L, then computed the unique product indicators of SxA (e.g., s1a1 = s1*a1, s1a2 = s1*a2, etc.) in each case. For emphasis, the product indicators of the interaction SxA should not be zero centered.

We then unidimensionalized the latent variables, including those for SxA, using LISREL 8 and Maximum Likelihood (ML) estimation. This was accomplished for all the latent variables except SxA by estimating a single construct measurement model for S, for example, and omitting the item with the largest sum of first derivatives without regard to sign. The single construct measurement model with the remaining indicators of S was reestimated, the indicator with the largest sum of first derivatives without regard to sign was omitted. This process of reestimating and omitting the indicator with the largest sum of first derivatives without regard to sign in each reestimation was repeated until the p-value for χ2 in the single construct measurement model for the remaining indicators of S became non zero. This process was repeated for the rest of the latent variables except SxA.

SxA Unidimensionalization
Then SxA was unidimensionalized using LISREL 8 and ML estimation by estimating a single construct measurement model for SxA specified as though there were nothing special about its indicators. Stated differently, the single construct measurement model for SxA was specified with its 20 product indicators (five from S and four from A), but each product indicator was specified with free and unconstrained loading and measurement error, as though it were not a product indicator (except one product indicator was fixed at 1 to provide a metric for SxA). This is necessary because the first derivative procedure apparently does not produce an internally consistent subset of product indicators when they are constrained to Equations 6b and 6c values.

The single construct measurement model for SxA was estimated with all but 1 product indicators free and unconstrained, and the product indicator with the largest sum of first derivatives without regard to sign was omitted. The single construct measurement model for SxA was reestimated with the remaining product indicators, and the product indicator with the largest sum of first derivatives without regard to sign was omitted. This process of reestimating and omitting a product indicator based on first derivatives was repeated until the p-value for χ2 in a single construct measurement model for the remaining indicators of SxA became non zero. The result was a subset of 6 product indicators (s2a4, s4a4, s5a2, s5a3, s6a5, and s7a4) which spanned S and A (i.e., each indicator of S, [s2, s4, s5, s6 and s7] and A [a2, a3, a4, and a5] appeared at least once in the subset of 6 product indicators), and had a nonzero p-value for χ2 (χ2 = 34, df = 9, p-value = .00006, RMSEA = .113, GFI = .948, AGFI = .979, CFI = .981). The next least internally consistent subset (s2a3, s2a4, s4a4, s5a2, s5a3, s6a5, and s7a4) had a χ2 p-value of zero (χ2 = 255, df =149, p-value = 0, RMSEA = .279, GFI = .833, AGFI = .666, CFI = .981), and the next more internally consistent subset (s2a4, s4a4, s5a2, s6a5, and s7a4) did not span S and A. This subset of 6 product indicators produced a reliability of .948 for SxA, which was only slightly below the reliability produced by the full set of product indicators (ρSxA = .983). This is typical when model fit is improved, internal consistency increases and reliability declines slightly (parenthetically, while the reverse is also true, as reliability increases internal consistency declines, highly reliable subsets of items can fit the data poorly-- for example, the full set of product indicators was highly reliable but fit the data very poorly).

Structural  Model
Next the structural model for

L = b1S + b2A + b3I + b4C + b5SxA + ζ
(99

was estimated using the subset of 6 product indicators, LISREL 8, ML, and the Table A1 input covariance matrix from which the indicators of S, A, I, C, L, and the subset of 6 product indicators were selected (see the LISREL 8 program for the structural model in Appendix A). Because I will use other interaction estimation approaches later, I also added several other interaction indicators to the data set (i.e., s:a(6), s:a(all), and s:i, which will be explained later) and Table A1 reflects these indicators. Table A1 also excludes the indicators that were omitted in the unidimensionalization of S, A, I, C, L, and SxA.

The abbreviated results of the Equation 99 estimation are shown in Table A2 at Line 1. Table A2 also shows the results at Line 2 of the two step estimation of this subset of 6 product indicator model using EQS, ML and the Table A1 covariance matrix (see the EQS program in Appendix B). In addition, Table A2 shows the results of estimating the SxA interaction using all the product indicators (at Line 3 of Table A2). It also shows the results of using the single indicator approach, either with the subset of 6 product indicators (at Line 4 of Table A2) (see Appendix C for details), or with all the product indicators (at Lines 5 and 6 of Table A2) (see Appendices D and E for details), and latent variable regression (at Line 7 of Table A2) (see Appendix F for details).

_Discussion
 As the Table A2 results suggest, all these techniques are substantively equivalent in that they all lead to the same interpretations of the associations among the model constructs. However as the Table A2 results also suggest, the model fits associated with these techniques are different. Specifically, the model fit associated with using all the product indicators was unacceptable, due in part to the increased model complexity and nonnormality produced by including all the product indicators. Using either direct or indirect estimation, the subset of 6 product indicators fit the data acceptably, while the single indicator approaches and latent variable regression fit the data best (see Table AB1 for the fit of the measurement model used with latent variable regression), which further illustrates the effect of the number of product indicators on model fit. Thus as previously implied, in all but the simplest models the use of all product indicators may compromise model fit, and a subset of product indicators should be indicated. However as model complexity increases, in this case 5 constructs with a total of 21 indicators (not counting SxA), adding even a highly internally consistent subset of product indicators begins to tax model fit (see Table A2), and for more complex models, single indicator approaches or latent variable regression may be required to attain acceptable model fit.

Several observations may be of interest at this point. Equations 8b and 8c do not apply when a subset of product indicators is used for a single indicator (see Appendix C for the revised equations used to obtain the Table A2 results for a single indicator used with the subset of 6 product indicators). In addition, the above techniques assumed the variance of XZ was computed and fixed in the two step approaches, or constrained in the other structural equation approaches, to be Var(XZ) = Var(X)Var(Z) +Cov2(X,Z) (see the derivation of Equation 8). However as Jaccard and Wan (1995) implied, in practice this can produce the estimation difficulties previously discussed. In the present case the Table A2 results were obtained with the variance of XZ freed in the two step approaches, and free and unconstrained in the other structural equation approaches, because several of the program runs would not converge otherwise. Finally, two step estimation can be used with LISREL 8. This is sometimes handy when direct estimation fails to converge, typically when several interactions are estimated.

Interpretation_
Table A3 shows the contingent A-L association resulting from the significant SxA interaction shown at Line 5 in Table A2. At the Table A3 average value of S in the study, which b1 in Equation 8 represents, the A-L association was not significant (as reported in Ping 1993). However when S was lower, the A-L association was negative and significant. As S increased, this association became weaker, and at the study average it was nonsignificant. When S was very high it was positive and significant. This illustrates the value of post-hoc probing of nonsignificant associations using interactions. Although the unmoderated A-L association was nonsignificant, for values of S away from the study average, the association turned out to be significant. A substantive interpretation would be that when satisfaction was lower, as alternative attractiveness increased loyalty decreased, but as satisfaction increased this association weakened, became zero, and at high satisfaction as alternative attractiveness increased loyalty curiously increased.

Because the SxA interaction was significant, the latent variable A also moderated the S-L association and it could also be interpreted. As shown in Table A3, when A was lower the S-L association was negative, but as it increased the S-L association weakened and became nonsignificant as it neared the study average, it changed signs, and when it was higher the S-L association was positive.

SxI INTERACTION
Next I will add an SxI interaction, and estimate

L = b1S + b2A + b3I + b4C + b5SxA + b6SxI + ζ
(10

using single indicators for SxA and SxI. While the single indicator of an interaction can be the sum of a subset of product indicators, it can also be the sum of all unique product indicators of an interaction (see Equation 4). Thus I estimated SxA and SxI using single indicators composed of all unique product indicators. I will describe the process for the single indicator s:i, and direct the interested reader to Appendix D for the single indicator of SxA.

To obtain a single indicator for s:i (s:a is obtained similarly) I summed the zero centered indicators for the unidimensional S in the raw data, and multiplied this sum by the summed and zero centered indicators that produced the unidimensional I, then I added this single s:i indicator to each case. Next the Equation 10 model was estimated using the Table A1 covariance matrix entries for the indicators of S, A, I, C, L, and the single indicator s:i. This was accomplished using LISREL 8 and ML by constraining the loading and measurement error of s:i  in LISREL 8 using Equations 8b and 8c (see Appendix D for the LISREL program).

The abbreviated results are shown in Table A4, along with latent variable regression results (see Appendix F). These results suggest the SxI interaction is not significant, and the nonsignificant I-L association reported in Ping (1993) cannot be explained by an interaction between S and I.

ALL INTERACTIONS
To probe the C-L association, I added the remaining interactions to Equation 10 and used latent variable regression to estimate these interactions. This required summing the indicators for S, A, I, C, and L to form the regression variables S, A, I, C, and L, then adding these regression variables to each case in the data set. Next I formed the interactions SxA, SxI, SxC, AxI, AxC, and IxC by computing the product of S and A, S and I, etc., and adding the result to each case. Then I produced an unadjusted covariance matrix of S, A, I, C, L, SxA, SxI, SxC, AxI, AxC, and IxC using SPSS (see Table AF1).

Next I estimated a measurement model for S, A, I, C, and L (but not the interactions) using the Table A1 covariance matrix (from which the indicators for S, A, I, C, and L were selected), and using the resulting loadings and measurement errors (see Table AB1), I adjusted the SPSS covariance matrix using the equations shown in Appendix F. Then I used the resulting adjusted covariance matrix (see Table AF2) as input to OLS regression using SPSS to produce the latent variable regression results shown in Table A5 (which suggest the nonsignificant C-L association reported in Ping 1993 cannot be explained by moderation).

PROBING FOR LATENT VARIABLE INTERACTIONS AND QUADRATICS
To provide a pedagogical example of probing for significant interactions and quadratics, I will briefly summarize a marketing survey involving the latent variables T, U, V, W, and Y, and their indicators ti (i=1,5), uj (j=1,4), vk (k=1,4), wp (p=1,4), and yq (q=1,5), that produced over 200 usable responses. The latent variables T through W were hypothesized to be associated with Y, and the measures for the latent variables were judged to be unidi​mensional, valid and reliable. However estimating the structural model Y = β1T + β2U + β3V + β4W + ζ using LISREL 8 and maximum likelihood suggested that T, V and W were not associated with Y (see Table P1). These lack of associations seemed most unlikely. Thus the possibility that quadratics in T, V or W (i.e., TT, VV, or WW), or interactions among these variables (i.e., TV, TW or VW) or with one or more of the other study variables (i.e., TU, UV, UW) were masking the hypothesized association was investigated using the approach proposed above.

To do so, each indicator of the independent and dependent variables was mean centered by subtracting the indicators average from its value in each of the over 200 cases (mean centering independent variables is important to reduce collinearity between an interaction or quadratic and its constituent variable(s), and mean centering the dependent variable(s) is important to eliminate the structural coefficient bias in the interaction(s) or quadratic(s) that results when intercepts are not estimated-- see Jöreskog and Yang 1996). Then the indicators for the constituent variables for the interactions and quadratics of interest were averaged in each of the over 200 cases, and the single indicators for each of the interactions and quadratics of interest was formed as the product of the indicator averages of the relevant constituent variables and added to each case. Because I decided to probe all of the interactions and quadratics the single indicators t:t = ((t1+t2+t3+t4+t5)/5)2, t:u = ((t1+t2+t3+t4+t5)/5)((u1+u2+u3+u4)/4), t:v = ((t1+t2+t3+t4+t5)/5) ((v1+v2+v3+v4)/4), t:w = ((t1+t2+t3+t4+t5)/5)((w1+w2+w3+w4)/4), u:u, u:v, u:w, v:v, v:w, and w:w were added to each case.

Next the structural model was respecified to include the interactions and quadratics of interest, in this case all of them (see Figure P). These interactions and quadratics were specified using the Equation 23-26 approximations for loadings and measurement errors (see Table P1), and the previous structural model (i.e., without the interactions and quadratics) values for the variances and correlations among the latent variables (see Table P1). In addition, each interaction and quadratic was allowed to covary with their constituent variables (e.g., the covariance of TT with T, the covariances of TU with T and U, etc. were freed in the structural model). It is well known that interactions and quadratics are correlated with their constituent variables, and model fit is degraded and coefficient estimates are biased otherwise.

"Stepping In"
Further, the path coefficients (βs) for the paths between the dependent variable Y and each of the interactions and quadratics were fixed at zero so they could be stepped in according to which one had the highest modification index. This model was estimated and the interaction or quadratic with the largest model modification index for the fixed βs was found. Because the β for VV had the largest modification index, its path coefficient (β) was freed and the model was re-estimated. This time TT had the largest modification index of the unfreed path coefficients, so its β was freed and the model was estimated again. This process was repeated until no more interactions or quadratics were significant. In this case the process terminated after the freeing of the path coefficient for TT with the freeing of the β for SS which was not significant.

The results are shown in Table P2 (Part a), along with the results of estimating the Figure P model with the βs for TT and VV freed using the Ping (1995) and Kenny and Judd (1984) approaches. The Ping (1995) results (Table P2 Part b) are interpretationally equivalent to the results using the proposed approach, but the Kenny and Judd (1984) results reflect the effect of adding the many required product indicators (in this case 25) and the model did fit the data (see Table P2 Part c).

Interpreting the quadratic (i.e., contingent) associations of T and V with Y shown in Table P2, the T-Y association had the structural coefficient -.127 - .146T (-.127T-.146TT = [-.127-.146T]T), and it was significant only for levels of existing T above the study average (see Table P3). To explain, when the existing level of T was low in the sample, the T-Y association was not significant, and changes in T were not associated with changes in Y. However, as the level of existing T increased in the sample to above the study average for T (i.e., 0 because the indicators of T were mean centered), an additional change  in T was negatively associated with Y. The V-Y association was similar. Thus T and V were associated with Y (but only at higher levels of T and V respectively) as hypothesized, and their inclusion in the model revealed that W was associated with Y as hypothesized (see Table P2 Part b).

Dis-cussion
While these results are at best only suggestive that the proposed approach identifies significant interactions and quadratics, our experience has been that it is more reliable for this purpose than OLS regression because it utilizes covariant structure analysis. This is especially true for more than one dependent variable or for relationships among the dependent variables, and as the reliability of the interactions(s) or quadratic(s) decreases. However, the proposed technique is more tedious to use than OLS regression. Nevertheless, it is easier to implement than the other interaction detection techniques (e.g., Heise 1986, Ping 1995, Kenny and Judd 1984, Bollen 1995, etc.). Although the proposed technique produced similar structural coefficients to the Ping (1995) technique in the above example, its use should always be followed by the use of a technique that does not use approximate loadings and error variances, as done in the above example, because the behavior of the proposed technique under all circumstance is unknown. This is obviously an area where additional work is required.

If fewer than all possible interactions and quadratics are of interest, each interaction should be investigated jointly with its two quadratics. To explain, Maxwell and Delaneys (1993) results suggest  that an interaction XZ is closely related to the quadratics XX and ZZ. Specifically, if one is significant one or more of the other two may be significant as well. Thus investigating all three jointly may be the only way to sort out which is more important. The present example is a case in point. The TV interaction was also significant, but not if the TT or VV quadratic was freed in the Figure P model first.

Higher-order interactions and quadratics (e.g., three way interactions such as TUV, combinations of interactions and quadratics such as TTU, etc.) are sometimes important (i.e., significant) in latent variable model tests. Thus a more complete investigation in the above example would have included at least second-order interactions (e.g., TUV, TUW, etc.). However, the proper specification of these variables using covariant structure analysis is unknown, and OLS regression must be used if these variables are of interest. The interested reader is directed to Aiken and West (1991) and Cohen and Cohen (1983) for further discussions of these matters.

Finally interactions and quadratics typically explain little additional variance in models with survey data, and thus they seem comparatively unimportant for that end in Latent variable model tests. However as I and others have argued, they are important for interpreting Latent variable study results. As we have seen, without them important insights into the nature of significant and non-significant associations in a study may be missed. The interested reader is directed to Howard (1989) for an interesting discussions of these matters.
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INCREASING THE LIKELIHOOD OF DETECTION INTERACTIONS AND QUADRATICS

To increase the likelihood of detecting true interactions in a field study, the data set should be relatively large. Based on Jaccard, Turrisi and Wans (1990) results and R2's typical of survey research, data sets of 100 or more cases are required.

In addition, the reliability of independent and dependent variables should be very high. Based on Dunlap and Kemerys (1987) results, reliabilities below .7 should be avoided. Scale reliability can be improved by increasing the number of points in the scale (Churchill and Peter 1984). Churchill (1979) and Gerbing and Anderson (1988) have proposed systematic approaches to improving scale reliability. Anderson and Gerbing (1982) and Jöreskog (1993) have proposed procedures to improve the unidimensionality of scales, which is related to their reliability. Netemeyer, Johnson and Burton (1990) provide an example of the reduction of measurement error in the unmeasured variables role conflict and role ambiguity using average extracted variances (Fornell and Larker 1981).

Further, independent variables should be mean centered. Finally, the study should use different methods to measure independent variables from that used to measure dependent variables. Perhaps at a minimum, a different scale should be used for independent variables from that used for dependent variables.

As the results from the example suggested, a combination of detection techniques may be appropriate for detecting true interactions. The Monte Carlo and the example results suggest a combination of the two product-term techniques could be used, followed by a combination of subgroup analysis and dummy variable regression, particularly if the product-term regression tests provide inconsistent results.

Based on McClelland and Judds (1993) results, to approximate a balanced data model in a field study and improve interaction detection, polar responses could be over sampled. As they point out however, this is controversial because it creates interpretational difficulties. An alternative would be to report two studies: the field study, and an experiment involving the survey instrument and a balanced data design.

Returning to the regression coefficient bias produced by measurement error, adding interactions to a regression model will increase this bias. While measurement error attenuates the regression coefficient in a model with a single independent variable, with two or more independent variables measurement error can also inflate the regression coefficients. It is easy to show for realistic research situations using two independent and one dependent variables all with measurement error, that an observed regression coefficient can be non-zero while its population value is zero (see Aiken and West 1991). It is also easy to show for realistic research situations with independent and dependent variables having reliabilities less than .9 and independent variable intercorrelations above .3, that adding a third (linear or interaction) variable can produce a observed regression coefficient with a sign opposite its population value.

In general this coefficient bias increases with lower reliability, higher independent variable intercorrelations, and increasing the number of independent variables. Even with mean centering and two linear independent variables with reliabilities of .95, an interaction comprised of these variables can have a reliability less than .9 and a correlation between the interaction and its linear variables above .3. As a result an observed interaction coefficient opposite its population value can occur.

As a result, the reliability of linear variables comprising an interaction should be very high, as stated previously. For example, the reliabilities of RC and CS in the example were sufficiently low that the population interaction could still be zero. Because this area is insufficiently explored it is difficult to provide firm guidelines for reliability. As a rule of thumb however, reliabilities should be at least .7 (for the reasons stated earlier), and because zero- or opposite-sign population coefficients for X, Z or XZ are possible with reliabilities below .9, the reliabilities of independent and dependent variables should be above .8, with .9 or more the objective. In addition unless reliabilities are .9 or above, (interaction or linear) regression coefficients hypothesized to be significant but observed to be not significant, or coefficients observed to have signs opposite from those hypothesized, should be examined further using structural equation analysis and Kenny and Judd (1984) based approaches (see Jaccard and Wan 1995, and Ping 1995).

(end of chapter)

� A set of Kenny and Judd product indicators is usually internally inconsistent (i.e., their single construct measurement model does not fit the data, see Anderson and Gerbing 1982) and this inconsistency degrades the fit of measurement or structural models containing them. Jaccard and Wan (1995) partially overcame this difficulty by using a subset of product indicators. However, they provided no guidance regarding which product indicators could safely be dropped and still preserve the content validity of an interaction or quadratic. For this reason I did not use a subset of Kenny and Judd product indicators.


� This discussion is based on Ping (1996b).


� Rusbult, Farrell, Rogers and Mainous (1988) reported multiple studies of employee reactions to dissatisfaction that included a study involving Scenario Analysis. In this experiment students were instructed to read written scenarios in which they were to imagine they were the subjects of the experiment. The results of this research design and the other reported designs (with considerably more internal and external validity) were generally similar. Although no interactions were reported, the similarity of their Scenario Analysis results with those from other experimental designs suggests that an experiment using Scenario Analysis might be appropriate as a easily executed second study.
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