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ABSTRACT

Because there is little guidance for substantive researchers in the estimation of latent variable interactions and quadratics in theory tests, the paper provides several examples of their estimation using EQS and LISREL 8. After summarizing the available structural equation techniques for estimating these latent variables, procedures for their use are suggested including procedures for obtaining convergence and proper estimates. Examples of several techniques for the direct and indirect estimation of these latent variables using EQS and LISREL are provided. The paper concludes with suggestions for future research in this area.

INTRODUCTION

In studies reported in the social science literature that involve categorical independent variables (ANOVA studies), interactions (e.g., XZ in Y = b0 + b1X + b2Z + b3XZ + b4XX) and quadratics (XX in the equation just mentioned) are routinely investigated to help interpret significant first-order (main) effects. Interaction and quadratic variables are also investigated in studies involving continuous variables and regression, although not routinely, and not to aid interpretation as they are in ANOVA studies. Typically, continuous interactions and quadratics are investigated in response to theory that proposes their existence.


However, researchers in the social sciences have called for the investigation of interaction and quadratic variables to improve interpretation in models that involve continuous variables (Aiken & West, 1991; Blalock, 1965; Cohen, 1968; Cohen & Cohen, 1975, 1983; Howard, 1989; Jaccard, Turrisi & Wan, 1990; Kenny, 1985). Their argument is that failing to consider the presence of interactions and quadratics in the population model increases the risk of false negative research findings, and positive research findings that are conditional in the population equation. To explain, in a model such as Y = b0 + b1X + b2Z + b3XZ, ​the coeffi​cient of Z is given by Y = b0 + b1X + (b2 + b3X)Z. The significance of this coefficient could be very differ​ent from the significance of the Z coefficient in the same model specified without the XZ interaction (i.e., Y = b0' + b1'X + b2'Z ). ​Specifically, b2' could be nonsignifi​cant while b2 + b3X could be significant over part(s) of the range of X. Failing to specify this significant interaction would lead to a false disconfirmation of the Z-Y associa​tion. Alternatively b2' could be sig​nif​i​cant while b2 + b3X could be nonsig​nif​i​cant over part of the range of X. Failing to specify this significant interaction could produce a misleading pic​ture of the contingent Z-Y asso​ciation. The implications for failing to specify a population quadratic are similar.


Fortunately there has been considerable progress in the estimation of interactions and quadratics using structural equation analysis recently. Several specification techniques have been proposed (see Hayduk, 1987; Kenny & Judd, 1984; Ping, 1995, 1996; Wong & Long, 1987), and LISREL 8 has become commercially available. Along with subgroup analysis (Jöreskog, 1971a), these alternatives offer substantive researchers considerable power and flexibility in estimating latent variable interaction and quadratic effects in structural equation models. After briefly summarizing these alternatives, an illustration of the use of several of them using field survey data, EQS, and LISREL 8 is provided. The paper concludes with suggested procedures for the use of several techniques, and a discussion of topics for further research in this area.

LATENT VARIABLE INTERACTION AND QUADRATIC SPECIFICATION AND ESTIMATION

Estimation techniques for interaction and quadratic latent variables in structural equation models can be classified into direct and indirect approaches. Direct estimation approaches produce structural coefficient estimates without introducing additional convenience variables to the model. Examples include multiple indicator specification (Kenny & Judd, 1984) (see Jaccard & Wan, 1990; Jöreskog &Yang, forthcoming) and single-indicator specification (see Ping, 1995). These specifications can be estimated directly with COSAN, LISREL 8, and similar software that accommodates nonlinear constraint equations.


With indirect estimation approaches structural coefficient estimates may or may not be available, and convenience variables or several estimation steps are required. Examples include subgroup analysis (Jöreskog,1971a), convenience-variable techniques (Hayduk, 1987; Wong & Long, 1987), indirect multiple indicator specification (Ping, 1996), and indirect single-indicator specification (Ping, 1995). These techniques can be used with EQS and the other structural equation software packages mentioned above.

Direct Estimation

Kenny and Judd (1984) proposed that latent variable interactions and quadratics could be specified adequately using all unique products of the indicators of their constituent linear latent variable. For the linear latent variables X and Z with indicators x1, x2, z1, z2, and z3, respectively, the latent variable interaction XZ can be specified with the product-indicators x1z1, x1z2, x1z3, x2z1, x2z2, and x2z3. X*X can be specified with the product-indicators x1x1, x1x2, and x2x2. Under the Kenny and Judd normality assumptions,
 the variance of the product-indicator x1z1, for example, is given by



Var(x1z1) = Var[(x1X + x1)(z1Z + z1)]




   = x12z12Var(XZ) + x12Var(X)Var(z1)





+ z12Var(Z)Var(x1) + Var(x1)Var(z1) ,
(1)

where x1 and z1 are the loadings of the indicators x1 and z1 on the latent variables X and Z; x1 and z1 are the error terms for x1 and z1; Var(a) is the variance of a; and Cov(X,Z) is the covariance of X and Z. The variance of XZ is given by



Var(XZ) = Var(X)Var(Z) + Cov(X,Z)2
(1a)

(Kendall & Stuart, 1958).


In the quadratic case the variance of the product-indicator x1x1 is given by



Var(x1x1) = Var[(x1X + x1)2]




   = Var[x12X2 + 2x12x1 + x12]




   = x12x12Var(X2) + 4x12Var(X)Var(x1) + 2Var(​x1)2 .
(2)

The variance of XX is given by



Var(XX) = 2Var(X)2
(2a)

using the equation (1a) result.


Kenny and Judd (1984) provided examples of a COSAN implementation of their technique, and examples of a LISREL 8 implementation of their technique are provided in Jaccard and Wan (1995) and Jöreskog and Yang (forthcoming). The implementation procedure involves centering the indicators for X, Z and Y;
 
 adding the product-indicators for XZ and/or XX to each case; specifying XZ and/or XX in the structural model with the appropriate product-indicators, constraining the loadings and error variances of these product-indicators to equal their equation (1) and (2) forms, constraining the variance of XZ and XX to their equation (1a) and (2a) forms, and subsequently estimating this model with COSAN, LISREL 8, or other software that accommodates nonlinear constraints. The loading of the product-indicator x1z1 for instance, would be constrained to equal x1z1 in equation (1), and the error variance of x1z1 would be constrained to equal x12Var(X)Var​(z1) + z12Var(Z)Var(x1) + Var(x1)Var(z1) also in equation (1). Similarly the loading of x1x1 for example, would be constrained to equal x1x1 in equation (2), and the error variance of x1x1 would be constrained to equal 4x12Var(X)Var(x1) + 2Var(​x1)2 also in equation (2).


This technique is powerful because it models several interaction and/or quadratic latent variables and provides coefficient estimates for these variables, but it has been infrequently used in the substantive literatures. This may have been because it is not widely known, and can be difficult to use (Aiken & West, 1991; see Jaccard & Wan, 1995; Jöreskog & Yang, forthcoming). Coding the constraint equations for the product-indicators in COSAN can be a daunting task. LISREL 8 provides a nonlinear constraint capability that is different from that available in COSAN, and the constraint coding effort is reduced. However, this task can still become tedious for larger models (Jöreskog & Yang, forthcoming; Ping, 1995). In addition for larger models, the size of the covariance matrix created by the addition of product-indicators, and the number of additional variables implied by the constraint equations, can create model convergence and other model estimation problems.


As an alternative to the Kenny and Judd (1984) product-indicator specification, single-indicator specification has been proposed (Ping, 1995). The product-indicators of XZ and XX are replaced by single-indicators x:z = [(x1 + x2)/2][z1 + z2 + z3)/3] for XZ and x:x = [(x1+x2)/2][(x1+x2)/2] for XX. The loadings and error variances for these single-indicators are similar in appearance to equations (1) and (2):



Var(x:z) =  Var{[(x1+x2)/2][(z1+z2+z3)/3] 




  = Var{(x1+x2)/2}Var{(z1+z2+z3)/3} + Cov{(x1+x2)/2,(z1+z2+z3)/3}2



  = [X2Var(X)+X][Z2Var(Z)+Z] + [XZCov(X,Z)]2



  = X2Z2[Var(X)Var(Z)+Cov(X,Z)2] + X2Var(X)Z




+ Z2Var(Z)X + XZ



  = X2Z2Var(XZ) + X2Var(X)Z + Z2Var(Z)X + XZ
(3)

where X = (x1 + x2)/2, X = (Var(x1) + Var(x2))/22, Z = (z1 + z2 + z3)/3, Z = (Var(z1) + Var(z2) + Var(z3))/32.


Similarly



Var(x:x) = Var{[(x1+x2)/2][(x1+x2)/2]} 




  = 2Var{(x1 + x2)/2}2



  = 2Var[(x1X+x1)+(x2X+x2)]2/24



  = 2[Var((x1+x2)X)+Var(x1)+Var(x2)]2/24



  = 2[Var(XX) + X]2/24



  = X4Var(X2) + 4X2Var(X)X + 2X2 .
(4)

These results extend to latent variables with an arbitrary number of indicators.


Estimation using single-indicator specification also involves centering the indicators for X, Z and Y; adding the single-indicators x:z and/or x:x to each case; specifying XZ and/or XX in the structural model using the single-indicators x:z and/or x:x, constraining the loadings and error variances of these single-indicators to equal their equation (3) and (4) forms, and constraining the variance of XZ and/or XX to their equation (1a) and (2a) forms; and subsequently estimating this structural model using COSAN, LISREL 8, or similar software that provides a nonlinear constraint capability. The loading of the single-indicator x:z for instance, would be constrained to equal XZ in equation (3), and the error variance of x:z would be constrained to equal X2Var(X)Z + Z2Var(Z)X + XZ also in equation (3). Similarly the loading of x:x for example, would be constrained to equal XX in equation (4), and the error variance of x:x would be constrained to equal 4X2Var(X)X + 2X2 also in equation (4). An example using this technique is provided later in the paper.


Single-indicator specification appears to be equivalent to the Kenny and Judd (1984) specification (Ping, 1995); it has the power of the Kenny and Judd (1984) technique because it can model several interaction and/or quadratic variables and provide coefficient estimates for these variables. In addition it requires less specification effort than the Kenny and Judd (1984) approach, and produces an input covariance matrix with fewer elements.
 However it is new and has yet to appear in the substantive literatures.

Indirect Estimation
Subgroup Analysis Subgroup analysis (Jöreskog, 1971a) generally involves splitting the sample and assessing differences in model fit when the model is restrict​ed to the resulting groups of cases. The procedure involves dividing a sample into subgroups of cases based on different levels (e.g., low and high) of a sus​pect​ed interaction X. Constraining the model coefficients to be equal between subgroups  for the model estimated in each subgroup, the coeffi​cients of the lin​ear-terms-only model (e.g., the model without any interaction or quadratic latent variables present) are then esti​mated for this model using each of the resulting subgroups and structural equation analysis. The result is a  2 statistic for the model’s fit across the two subgroups with this coefficient equality constraint across the subgroups. Relaxing this equality constraint, the model is re-estimated, and the resulting 2 statistic is compared with that from the first estimation. A significant difference between the 2 statistics for these two nested models suggests that there is at least one coefficient difference between the two groups. The coef​fi​cients from the second estimation are then tested for signif​icant differ​ences between the groups using a coeffi​cient differ​ence test (see for instance Jaccard, Turissi & Wan, 1990:49). A signifi​cant coeffi​cient differ​ence between the Z coefficients suggests an interaction between that variable and X, the variable used to create the sub​groups. A signifi​cant coeffi​cient differ​ence between the X coefficients suggests the presence of a quadratic.


This technique is popular in the substantive literatures, and is a preferred technique in some situations. Jaccard, Turissi and Wan (1990) state that subgroup analysis may be appro​priate when ​the model could be structurally different for differ​ent subgroups of subjects. They also point out that an interac​tion need not be of the form "X times Z" (interaction forms include X/Z, and the possibilities are infinite (Jaccard, Turissi & Wan, 1990) (see Hanushek & Jackson, 1977)), and that three group analysis may be more appro​pri​ate in these cases. Sharma, Durand and Gur-Arie (1981) recommend subgroup analysis to detect what they term a homologiz​er: a variable W, for example, that affects the strength of an association between two variables, X and Y, yet is not related to either X or Y. However, subgroup analysis is criticized in the regression literature for its reduction of statistical power and increased likelihood of Type II error (Cohen & Cohen, 1983; Jaccard, Turissi & Wan, 1990) (see also Bagozzi, 1992). In addition, coefficient estimates for significant interactions or quadratics are not available in subgroup analysis, and interpretation of a significant interaction or quadratic is problematic. Sample size requirements also limit the utility of subgroup analysis. Samples of 100 cases per subgroup are considered by many to be the minimum sample size, and 200 cases per group are usually recommend​ed (Boomsma, 1983) (see Gerbing & Anderson (1985) for an alternative view).

Convenience Variables  Hayduk (1987) and Long and Wong (1987) suggested an approach involving the addition of convenience variables to the structural model in order to accomplish the estimation of an interaction or quadratic effect. Hayduk (1987) for instance, suggested specifying the loading of x1z1 on XZ by creating an intervening latent variable between XZ and x1z1 that has an error of zero. The indirect effect of XZ on x1z1 via this variable could then be used to specify the loading of x1z1 on XZ. The error term for x1z1 is handled similarly.


These convenience variable approaches are powerful because they can specify multiple interaction and quadratic variables, and provide coefficient estimates for interactions and quadratics. However the effort required to specify a model using these techniques can be considerable (see Hayduk, 1987:Chapter 7). Perhaps as a result they are infrequently used in the substantive literatures.

Two-Step Approaches  Two-step estimation techniques involve calculating the loadings and error variance  for the (product- or single-) indicator(s) of XZ using measurement model parameter estimates, then fixing these loadings and error variances at their calculated values in the structural model.


Estimates of the parameters comprising the loadings and error variances of the indicator(s) of latent variable interactions and quadratics are available in a linear-terms-only measurement model corresponding to the structural model of interest (i.e., a measurement model that includes the linear latent variables but excludes the interactions and quadratics). With ​sufficient unidimensional​ity, that is the indicators of each construct have only one underlying construct each (Aaker & Bagozzi, 1979; Anderson & Gerbing, 1988; Burt, 1973; Hattie, 1985; Jöreskog, 1970, 1971b; McDonald, 1981), these measurement model parameter estimates change trivial​ly, if at all, between the measurement model and alterna​tive struc​tur​al models (Anderson & Gerbing, 1988). As a result, instead of specifying the loadings and error variances for the indicators of XZ or XX ​​​as variables in the structural model, they ​​can be calculated using parameter estimates from the linear-terms-only measurement model (i.e., involving only X, Z and Y), and specified as constants in the structural model if X and Z are each sufficiently unidimensional. This is possible because the uni​di​men​sion​al​i​ty of X and Z permits the omission of the XZ and XX latent variables from the linear-terms-only measurement model: because X and Z are each unidimensional, their indicator loadings and error variances are unaffected by the presence or absence of other latent variables in a measurement or structural model, in particular XZ and XX.


To use this technique X, Z and Y are unidimensionalized,
 X, Z and Y are centered, and the (product- or single-) indicator(s) for XZ and/or XX are added to each case as before. Then the equation (1), (1a), (2), (2a), (3) and/or (4) parameters (i.e., x1, x2, z1, z2, z3, Var(x1), Var(x2), Var(z1), Var(z2), Var(z3), Var(X), Var(Z), and Cov(X,Z)) are estimated in a linear-terms-only measurement model (e.g., one that excludes XX and XZ). Then the loadings and error variances for the indicators of XZ and/or XX, plus the variances of XZ and/or XX are calculated by substituting these ​measurement model parameter estimates into the appropriate versions of equations (1) through (4).
 Finally, using a structur​al model in which these calculated loadings and error variances for the indica​tors of XZ and/or XX, plus the variance of XZ and/or XX, are specified as constants (i.e., fixed rather than free), the structural model is estimated using EQS or LISREL.
 An example of this technique is provided in the next section.


If the structural model estimates of the linear latent variable measurement parameters (e.g., x1, x2, z1, z2, z3, Var(x1), Var(x2), Var(z1), Var(z2), Var(z3), Var(X), Var(Z), and Cov(X,Z)) are not similar to the linear-terms-only measurement model estimates (i.e., equal in the first two decimal places) and the calculated values fixed in the specification of XZ and/or XX in the structural model therefore, do not adequately reflect the structural model measurement parameter values, the equations (1) and (1a), (2) and (2a), (3) or (4) values can be re-computed using the structural model estimates of these measurement parameters. The structural model can then be re-estimated with these updated fixed values. Zero to two of these re-estimations are usually sufficient to produce consecutive structural models with the desired trivial difference in measurement parameters and coefficient estimates that are equivalent to direct LISREL 8 or COSAN estimates.


Two-step techniques appear to be equivalent to direct estimation (Ping, 1995; 1996). They have the power of the Kenny and Judd (1984) technique because they can model several interaction and/or quadratic variables and provide coefficient estimates for these variables. In addition they require less specification effort than the direct approaches, and with a single-indicator produce a sample covariance matrix with fewer elements than the Kenny and Judd (1984) approach. However, two-step techniques are also new.

EXAMPLES

In the Marketing literature Ping (1993) reported that relationship neglect (reduced physical contact) (NEG) in a buyer-seller relationship (i.e., an economic plus social exchange relationship) had antecedents that included overall relationship satisfaction (SAT), alternative attractiveness (ALT), and relationship investment (INV) (see also Rusbult, Zembrodt & Gunn, 1982). However an hypothesized switching cost (SCT) association with NEG was not significant.


Recalling the previous remarks concerning the role of population interactions or quadratics in disconfirmed theory test results, the nonsignificant SCT-NEG effect may have been due to an unmodeled interaction or quadratic present in the population model. Because a quadratic SCT- NEG effect and several SCT interaction effects were plausible, the SCT*SCT quadratic, and the SCT interactions with the other antecedents were estimated using direct estimation, a single-indicator per interaction or quadratic latent variable, and the following structural model,

    NEG = 1SAT + 2ALT + 3INV + 4SCT + 5SAT*SCT + 6ALT*SCT + 7INV*SCT + 8SCT*SCT + .
(5

The LISREL 8 program code for this specification is shown in Figure 1, and the results are shown in Table1.


The interactions of SCT with SAT and INV were significant when all the interactions and the quadratic latent variable involving SCT were jointly specified (see Table1). When these interactions and the quadratic were estimated singly, however, only the INV*SCT interaction was significant. The results for equation (5) re-specified with only the significant INV*SCT interaction, i.e.,



NEG = 1SAT + 2ALT + 3INV + 4SCT + 7INV*SCT +  ,
(6

are shown in Table 2, and the EQS program code for this specification is shown in Figure 2. The significance of the INV*SCT interaction effect on NEG is shown in Table 3.

Discussion

The LISREL 8 coefficient estimates for equation (5) shown in Table1 were produced following the direct estimation procedure described above. Each indicator for SAT, for instance, was centered by subtracting the indicator’s average from its value in each case. The values for the single-indicators of the four interactions and the quadratic were added to each case. The single-indicator value for SAT*INV for instance, was computed in each case using sat:neg = [(sa2 + sa4 + sa5 + sa6 + sa7)/5][(in1 + in3 + in4 + in5)/4]. Next the structural model was specified using PAR variables (Jöreskog & Sörbom, 1993:14), constraint equations (Jöreskog & Sörbom, 1993:11) for the loadings, errors, and variances for the interactions and the quadratic, and latent variable metrics assigned using unit variances for the exogenous variables (see Figure 1 and Jöreskog & Sörbom, 1993:7); and the structural model was estimated using maximum likelihood. The use of PAR variables in this manner is sensitive to the sequence and location of the PAR and constraint (CO) statements in the program. In general PAR’s should not be used recursively (Jöreskog & Sörbom, 1993). In this application they should appear at the end of the program, just before the output (OU) card. In addition the PAR variables and the variables constrained in the CO statements (e.g., lx(18,5) in Figure 1) should be defined in their natural numerical order (e.g., PAR(1), PAR(2), etc., not PAR(2), PAR(1); lx(18,5), lx(19,6), etc. not vice versa), and a PAR variable should be used in a CO statement as soon as possible after it is defined (see Figure 1).


The EQS estimates for equation (6) shown in Table 2 were produced using the procedure for two-step estimation described above. SAT, ALT, INV, SCT and NEG were unidimensionalized. In this application unidimensionality was conceptualized as: the indicators of each construct have only one underlying construct each. While there have been many proposals for developing unidimensional constructs (see Footnote 7), for this example unidimensionality was established as follows. Unidimensionality was operationalized as i) for each construct the 2 p-value resulting from the single construct measurement model (see Jöreskog, 1993) for each construct is .01 or greater; and ii) for the linear-terms-only measurement model (i.e., containing only the linear constructs) not rejecting H0: The root mean square error of approximation < .05 (i.e., its p-value > .05), and a comparative fit index of .95 or larger. The measurement model for SAT, for instance, was estimated using all of its items, then re-estimated until a target 2 p-value .01 or greater was attained by serially deleting items that did not appear to degrade content validity (not reported). This is obviously an area where judgement was required, and considerable care was taken to avoid sacrificing content validity for low 2. Because several itemizations for each construct were acceptable under criteria (i), judges were used to evaluate the content validity of each of these itemizations and select the final itemization for each construct. A linear-terms-only measurement model involving the final itemization for each construct suggested the constructs were unidimensional using the step (ii) criteria (see Table 4).


Next the indicators for SAT, ALT, INV, SCT and NEG were centered, and the single-indicator inv:sct = [(in1 + in3 + in4 + in5)/4][(sc2 + sc3 + sc4 + sc5)/4] was added to each case. Using the linear-terms-only measurement model parameter estimates (see Table 4) the loading and error variance of inv:sct plus the variance of INV:SCT were calculated using equations (3) and (1a). The structural model then was specified with the loading of inv:sct and its error variance fixed at the values calculated with equation (3), and the variance of INV*SCT fixed at the equation (1a) value. Specifically, the loading of inv:sct was fixed at INVSCT = .9280, the error variance of inv:sct was fixed at X2Var(X)Z + Z2Var(Z)X + XZ = . 0573, and the variance of INV*SCT was fixed at Var(INV)Var(SCT) + Cov(INV,SCT)2 = .7532 (see Figure 2). Finally the structural model was estimated using maximum likelihood estimation and EQS.

Indicator Nonnormality  While the measurement parameter, structural disturbance, and coefficient estimates (e.g., ’s, ’s, ’s, ’s, ’s, and ’s) produced by maximum likelihood are robust to departures from normality (Anderson & Amemiya, 1985, 1986; Bollen, 1989; Boomsma, 1983; Browne, 1987; Harlow, 1985; Jöreskog & Sörbom, 1989; Sharma, Durvasula & Dillon, 1989; Tanaka, 1984), the model fit and significance statistics (i.e., 2 and standard errors) may not be (Bentler, 1989; Bollen, 1989; Jöreskog & Sörbom, 1989) (see Jaccard & Wan (1995) for evidence to the contrary). Because product- and single-indicators are per se nonnormal, and model fit and significance statistics from the maximum likelihood-robust estimator (Satorra & Bentler, 1988) appear to be less sensitive to departures from normality (see Hu, Bentler & Kano, 1992), maximum likelihood-robust estimates were added to the Table 2 results.
 However, comparing the standard error and 2 estimates for maximum likelihood and maximum likelihood-robust, they were generally similar. The limited evidence to date (Jaccard & Wan, 1995; Ping, 1995) suggests that for most practical purposes (Jöreskog & Yang, forthcoming) model fit and significance statistics from maximum likelihood estimation may be sufficiently robust to the addition of a few product-indicators that involve linear indicators that are normal. However, the robustness of these statistics from this estimator to the addition of many product-indicators (i.e., over four) or product-indicators comprised of nonnormal linear indicators typical of survey data is unknown.

Re-estimation  Comparing the Table 2 and 4 measurement parameter estimates, they are similar. Had they been dissimilar (i.e., different in the second decimal place) the re-estimation process could have been used. Using the re-estimation technique, the requirement for strict unidimensionality in the linear latent variables can be relaxed somewhat, although the practical limits of how different the measurement parameters can be between the linear-terms-only measurement model and the structural model in order to produce stable measurement and structural coefficient estimates is unknown.

Interpreting INV*SCT  Table 3 provides information regarding the contingent nature of the SCT relationship with NEG (and the INV relationship with NEG). The significance of the SCT coefficient (i.e., .013-.111INV) varies with INV: the size of the coefficient and its standard error depend on the level of INV. In addition the standard error of the coefficient of SCT involves the variance and covariance of the INV and SCT*INV coefficients. Table 3 also demonstrates the effect of an interaction. When INV is at its study average, the SCT coefficient was small and nonsignificant. For smaller values of INV it was positive and approached significance. As this example suggests had the interaction been significant at both ends of the range of INV, offering plausible explanations for disordinal interactions can be challenging (see Aiken & West, 1991).

Intercepts  In realistic social science research situations with centered indicators, the omission of an intercept term in a structural equation with an interaction or quadratic biases the resulting coefficients slightly (see Jöreskog & Yang, forthcoming).
 In these situations this bias is typically in the third or fourth decimal place. For instance the Table 2 results with an intercept were


NEG = .043 - .363SAT + .163ALT - .173INV - .013SCT - .116INV*SCT.


  t =
1.06    -4.68             2.69          -2.41           .25              -2.26

As a result unless mean structures are of interest it is usually unnecessary to estimate intercepts with latent variable interactions and quadratics, and the Table 3 results used the Table 2 coefficient and standard error estimates, which assumed a zero intercept.


However, for structural coefficients in a neighborhood of twice their maximum likelihood standard error (e.g., between |t| = 1.85 and 2.15), intercept-influenced coefficients probably should be estimated to avoid Type I and II errors. Because modeling intercepts can produce model identification, convergence and improper solution problems (see Bentler, 1989), and adding interactions and quadratics frequently aggravate these problems, an intercept model containing interactions and quadratics should be estimated in two steps. First the interaction and quadratic model should be estimated as described above (i.e., without an intercept). Then the model should be reestimated with the intercept(s) specified, using starting values from the no-intercept model and OLS regression estimates of the intercept(s). If estimation problems are encountered in the second step, one or more structural coefficients for linear latent variables not involved in the interactions and quadratics could be fixed at their no-intercept values to obtain starting values for the other structural coefficients and the intercept. For larger models, however, it may be impossible to estimate an intercept model with interactions, quadratics, and centered linear latent variables. For unknown reasons the equation (5) model with an intercept would not converge using any of the techniques discussed above. OLS regression results for equation (5) with an intercept and those for regression-through-the-origin (which is equivalent to the equation (5) model) were

   NEG = .048 - .290SAT + .137ALT - .170INV - .004SCT + .158SAT*SCT - .004ALT*SCT - .133INV*SCT -.022SCT*SCT

and

     NEG = - .299SAT + .137ALT - .168INV - .001SCT + .160SAT*SCT - .002ALT*SCT - .132INV*SCT +.005SCT*SCT .

Comparing these coefficient estimates suggests that any intercept bias in the Figure 1 results may be small.

Alternatives  In the first example two-step estimation with single-indicators could have been used instead of direct estimation. The estimation procedure would have been the same as in the second example except that the computed starting values for the loadings and error variances of the interactions and the quadratic (plus their variances if the diagonal ’s had not equaled 1) would have been fixed. Both direct and two-step estimation using single-indicators are useful for probing for the existence of interactions or quadratics because they are relatively easy to specify, and they both produce sample covariance matrices with fewer elements than the Kenny and Judd (1984) approach. The single-indicator direct approach works well in LISREL 8 for smaller models, but because the PAR’s are used recursively, larger models can misbehave. For instance the standard errors and significance for several interaction loadings and errors did not print in the first example. Eliminating the single-indicator PAR’s by replacing them with their expanded equivalents does not usually execute in larger models such as the first example.


Similarly the second example could have used product-indicators with either direct or indirect estimation. Specification effort would have been higher than for a single-indicator if the full set of product-indicators were used for each nonlinear latent variable (to avoid concerns about their content validity-- discussed later). For the calculations involved in fixed and/or starting values for product- or single-indicators an Excel or Lotus spreadsheet is useful. An Excel spreadsheet was used for starting values in both examples, and for the fixed single-indicator loading and error variance, plus the fixed variance of INV*SCT, in the second example (see Table 5). The linear-terms-only measurement model loadings, error variances, and variances and covariances for the linear latent variables involved in the interactions and quadratic (e.g., SAT, ALT, INV, and SCT) (see Table 4) were keyed into the spreadsheet, and the product-indicators’ loadings and error variances, plus the interaction and quadratic variances, were calculated using equations (1) through (4).

CONVERGENCE AND PROPER ESTIMATES

These techniques can produce their share of convergence and improper solution headaches. As with any structural equation model solution, the output should be examined for negative squared multiple correlations, linearly dependent parameter estimates, parameter estimates constrained at zero, etc. When convergence or improper solution difficulties are encountered using the techniques discussed above, the first step should be to verify that the indicators of the linear latent variables were centered.


User-specified starting values for the latent variable variances and covariances, the structural coefficients (i.e., the ’s and ’s), and the variances of the structural disturbances (i.e., Var()’s) are frequently required. Error-attenuated variance and covariance estimates from SAS or SPSS, and OLS regression coefficient estimates are frequently sufficient to solve convergence and improper solution problems. The estimated disturbance term variance for Y, for instance, can be calculated using Var() = Var(Y)(1-R2), where Var(Y) is the error-attenuated variance of Y (e.g., from SAS or SPSS) and R2 is the OLS regression estimate of the explained variance for Y regressed on the summated linear (e.g., (x1+x2)/2), interaction, and quadratic variables (e.g., [(x1+x2)/2][(z1+z2+z3)/3]) involved in the structural equation model.


Occasionally disattenuated variance and covariance estimates are required. The adjusted variance and covariance estimates for the independent variables can be calculated using attenuated variances and covariances (i.e., SAS or SPSS estimates), linear-terms-only measurement model estimates, and the calculations shown in the Appendix. As an alternative a measurement model involving all the latent variables in the structural model of interest (e.g., X, Z, Y, XZ, and XX) should also provide useful disattenuated variance and covariance estimates.


If problems persist, constraining the variance of the structural disturbance terms (i.e.,  in equations 5 or 6) to more than 10% of the variance of their respective endogenous variables may be effective (few models in the social sciences explain 90% of the variance of an endogenous variable). This would be accomplished in the first example by constraining PSI(1), and in the second example by constraining d1.


In addition, scaling the exogenous variables by setting their variance to 1 (see Jöreskog & Sörbom, 1993:7) is sometimes useful. This approach was used in the first example: the loadings of SAT, ALT, INV, and SCT were all freed, and their variances plus the variances of the interactions and the quadratic were fixed at 1 (see Figure 1).


The equation (1a) and (2a) constraints on the variances of the interactions and quadratics could also be relaxed in problem situations. This would be accomplished in the first example by deleting the constraint equations for the variances of the interactions and quadratic. In the second example the fixed variances for the interaction would be freed by adding a *. The resulting interaction or quadratic coefficient estimates are typically attenuated and closer to their OLS regression estimates.


In addition fixing some of the covariances among the exogenous variables at zero is occasionally necessary. In particular zeroing the covariances between the linear latent variables (e.g., X and Z) and the interactions/quadratics (e.g., XZ), and/or zeroing the covariances among the interactions/quadratics (e.g., between XZ and XX) may be required. This was done in the first example to compensate for the multi-collinearity among the interactions and the quadratic.


If problems continue to persist, the model may not be identified. Otherwise identified models can become nonidentified with the specification of correlated errors or nonrecursive relationships (see Berry, 1984). More often with interactions and quadratics, otherwise identified models can be empirically underidentified, or weakly identified (see Hayduk, 1987). Berry (1984), Bollen (1989:251), and Hayduk (1987:139) provide accessible discussions of the sources of lack of identification and identification checking.

NEEDED RESEARCH

Although the above techniques provide considerable improvement over regression coefficient estimates for theory tests involving unobserved interaction and quadratic variables, additional work is needed on the specification, estimation, and interpretation of these variables using structural equation analysis. The following is an incomplete enumeration of areas where additional research on these matters might be useful, in no particular order of importance.

Specification

The number of product-indicators in a model with interactions and quadratics involving over-identified constituent latent variables can become large. Equation (5) for instance would have required 62 product-indicators. As mentioned earlier, specifying many product-indicators can add to execution times, convergence, and improper solution problems. However, a reduced number of product-indicators may adequately specify a latent variable interaction or quadratic. Jaccard and Wan (1995), for instance, used a subset of four product-indicators.


It could be argued, however, that concern for the content validity of a latent variable interaction or quadratic requires the use of all its product-indicators. All of the indicators of the interaction and quadratic latent variables were used in the examples presented above because it was not clear which product-indicators could have been safely dropped without impairing the content validity of interactions and the quadratic. As a result, it would be useful to know the conditions under which product-indicators could safely be dropped without impairing the content validity of the resulting interaction or quadratic latent variable, or to have guidelines for this endeavor.


In an investigation of the detection spurious interactions in regression, Lubinski and Humphreys (1990) noted that interactions and quadratics are correlated. As the correlation between X and Z for instance approaches 1, the correlation between XX (or ZZ) and XZ also approaches 1. As a result, they argued a population quadratic can be mistaken for an interaction in regression. Consequently they proposed that quadratic combinations of the linear latent variables comprising a latent variable interaction should be entered in the regression model along with the interaction of interest.


It is plausible that these results may extend to structural equation analysis. In the first example the quadratic was included because it was a second-order latent variable involving switching cost. Lubinski and Humphreys’ (1990) results suggest that it should have been included also because a significant INV*SCT interaction could be induced by significant SCT*SCT or INV*INV quadratics in the population equation. Consequently it would be helpful to know if latent variable interactions and quadratics can be mistaken for each other in structural equation analysis, and if so, what remediation steps would be appropriate.


Kenny and Judd (1984) proposed that, under their normality assumptions, the variances of latent variable interactions and quadratics should be constrained to their respective equation (1a) and (2a) forms, which are based on Kendall and Stuart’s (1958) results. Kendall and Stuart also showed under these conditions that interactions and quadratics are associated with each other and linear latent variables in a predictable manner (e.g., Cov(XZ,XX) = 2Var(x)Cov(X,Z), Cov(XZ,X) = 0, etc.). However these constraints were not specified in Kenny and Judd (1984), and they have not been specified subsequently (see Jaccard & Wan, 1995; Jöreskog & Yang, forthcoming; Ping, 1995; 1996). For instance in the first example, the covariances of the interactions with each other and the quadratic were not constrained, nor were their covariances with the linear latent variables constrained. While Jaccard and Wan’s (1995) results suggest that the omission of Cov(XZ,*) constraints, where *  is a linear latent variable, may not materially affect interaction coefficients, their study may not have been designed to investigate this matter. As a result, it would be interesting to know what effect, if any, the omission of Cov(XZ,*) constraints, and Cov(XZ,**) constraints (when an interaction and a quadratic, and/or multiple interactions and/or quadratics are jointly specified) has on the resulting interaction and quadratic coefficients.


It is not obvious how a nonrecursive latent variable interaction or quadratic should be estimated. A nonrecursive interaction or quadratic specification may be appropriate when a hypothesized feedback relationship is not linear in one or both directions. This situation is plausible in the examples presented above. It could be argued that investment in a relationship should reduce relationship neglect, and neglect should also reduce investment. Assuming the neglect-investment relationship would still be moderated by switching cost (see Table 3) in a nonrecursive specification of this relationship, and recalling the requirements for identification and instrumental variables that are not correlated with their indirect endogenous variables in these specifications (see Berry, 1984), it would be useful to know how to specify this relationship in a structural equation model using a minimum of additional nonrecursive paths and instrumental variables.


It would also be helpful to have some guidance regarding the estimation of mixed formative and reflexive models involving interactions and quadratics. While adequate techniques such as PLS (Lohmöller, 1981) exist for estimating these models (see Fornell & Bookstein, 1982), substantive researchers frequently use OLS regression when their structural model contains a mixture of formative and reflexive variables (see for instance Heide & John, 1990) (however, see Bristor, 1993). As a result at least some of the structural coefficient estimates are biased and inefficient (Bohrnstedt & Carter, 1971). Hence it would be useful to know how to specify formative interactions and quadratics, and mixed formative-reflexive interactions.

Estimation

A hierarchical procedure for sequentially adding interactions and quadratics to a model such as that used in ANOVA or hierarchical regression analysis would also be useful to avoid interaction or quadratic latent variables that are significant but explain little additional variance and are therefore of little substantive value. The second example is a case in point. An equation (6) model that excluded the INV*SCT interaction, explained 35.6 percent of the variance of NEG (not reported). This is slightly more than one percentage point less than the multiple squared correlation for NEG shown in Table 2 with INV*SCT specified, which would be nonsignificant in a hierarchical regression analysis.


Research design could affect the detection of a latent variable interaction or quadratic. In an exploration of the difficulties of detecting interactions using survey data and regression, McClelland and Judd (1993) showed that because field studies are similar to an experiment with unequal cell sizes, field studies are generally less efficient than experiments in detecting interactions (see also Stone-Romero, Alliger and Aguinis, 1994). They concluded an optimal experimental design for detecting interactions exhibits an independent variable distribution that is polar (i.e., has many cases containing extreme independent variable values) and balanced (i.e., has equal cell sizes). The most efficient of these distributions McClelland and Judd (1993) characterized as a “four-cornered” data distribution (which has, for two independent variables with more than two levels, a three-dimensional frequency distribution that looks like the four legs on an upside-down kitchen table), and an “X-model” (which has, for two independent variables with more than two levels, a three-dimensional frequency distribution that resembles a bas-relief X anchored on the four polar cells).


Because field studies in the social sciences typically produce censored mound-shaped distributions for independent variables instead of uniform (balanced), four-cornered, or X distributions, they are not usually as efficient as experiments in detecting interactions. Comparing an experiment with two independent variables and a four-cornered data distribution to the equivalent mound-shaped field study distribution, McClelland and Judd (1993) argued that the field study would produce a data distribution that is 90% to 94% less efficient in detecting interactions as the four-cornered distribution.


Since it is plausible that their results extend to structural equation analysis, it would be helpful to have guidelines for non-experimental research designs that would produce a high likelihood of detecting an hypothesized population interaction or quadratic. For instance McClelland and Judd (1993) suggested over-sampling the extremes or poles of the scales in such studies. Based on their results, a stratified sample that produces a uniform distribution for two independent variables increases the efficiency of detecting an interaction between these two variables using regression by a factor of between 2.5 and 4. A field study that samples only the poles, such as Dwyer and Oh’s (1987) study of output sector munificence effects in marketing channels, improves the efficiency of interaction detection using regression by 1250% to 1666% (although they did not test for interactions).


It would also be useful to have suggestions regarding analytical technique refinements that would increase the likelihood of detecting an hypothesized population interaction or quadratic using a field-survey design. Possibilities might include a case-weighting approach that emphasizes the polar cases in a set of responses, so that a more-nearly uniform or polar distribution would be produced.


There may be other data-related factors that affect the detection of interactions and quadratics in structural equation analysis. For instance, correlated (systematic) error between the independent and dependent variables attenuates the observed coefficient sizes of interactions in regression (Evans, 1985). In the examples presented above it was assumed that the effects of these errors were adequately modeled with uncorrelated indicator error terms. While the techniques discussed earlier can be extended to models involving correlated errors for the linear latent variables (see Ping, 1995; 1996), it would be helpful to have guidance for any implications this has for correlations among the error terms for product-indicators.

Interpretation 

As mentioned earlier, product- and single-indicators are not normal even of their constituent variables are normal. However the evidence to date (Jaccard & Wan, 1995; Kenny & Judd, 1984; Ping, 1995; 1996), including the results presented in the second example, suggest the addition of a few of these indicators does not materially bias standard errors or the chi squared statistic of the resulting structural model using maximum likelihood. As a result, it would be useful to know the limits of these results. This may be important to substantive researchers because, when compared to maximum likelihood, estimators that are less dependent on distributional assumptions are practically unknown to them. While studies involving Monte Carlo analyses with realistic research situations would be valuable (see for instance Jaccard & Wan, 1995), it would be interesting to see results derived from bootstrap techniques (however, see Bollen & Stine, 1993).


The techniques discussed in this paper and elsewhere (e.g., Aiken & West, 1991; Jaccard, Turissi & Wan, 1990) have been applied exclusively to exogenous variable interactions and quadratics. While these techniques may extend with little or no modification to endogenous interactions and quadratics, it is not clear what a dependent interaction represents. Such a situation could arise in the examples presented above. It is plausible that satisfaction is an antecedent of both investment and switching cost: as overall relationship satisfaction increases, investments in the relationship should increase, and the perception of the difficulty (cost) of switching relationships should also increase. However, if INV and SCT still combine (interact) in their relationship with NEG with a SAT antecedent, it is not clear how to conceptualize or interpret the SAT-to-NEG via INV, SCT and INV*SCT relationship.


While model fit assessment is a controversial area (see Bollen & Long, 1993), guidelines for model fit when interactions and quadratics are specified would be useful. It has been my experience with field survey data and simulated data closely mimicking field survey data that as the number of specified product-indicators for a significant interaction or quadratic increases, some model fit indices suggest model-data fit is improved while others suggest the opposite. The addition of a single-indicator for a significant interaction or quadratic also appears to produce conflicting model-to-data fit results, even when compared to a misspecified model that excludes a population interaction or quadratic.


It may also be helpful to revisit the reporting and interpretation of interactions and quadratics from a theory testing perspective. While Aiken and West (1991) provide an accessible treatment of this topic for interactions, there is no equivalent treatment of quadratics. In addition, the fact that the SCT effect on NEG for instance depends on the range and mean of INV, and each of these statistics has a confidence interval, suggests that the Table 3 presentation may be simplistic for conclusions regarding a theory test. It could be argued that in other contexts the significant disordinal interaction may be ordinal, and the SCT effect could be positive or negative over the range of INV. To explain, in a different study the range of the interacting variable INV could be different, the sample could produce a different mean for INV, and the observed interaction could be ordinal and positive, ordinal and negative, or disordinal and both. Hence the most that might be concluded from the second example is there is an interaction between INV and SCT in their association with NEG, and the SCT-NEG effect could be positive, negative or both over the range of INV.


Standardized structural coefficients are used in some disciplines (e.g., Marketing) to compare the relative impact of latent variables with significant coefficients. However, standardized regression coefficients for interactions and quadratics are not invariant to centering (see Aiken & West 1991), and comparisons among standardized coefficients in models involving interactions and quadratics that also involve centered linear variables may be misleading. Friedrich (1982) proposed using Z-scores to produce standardized coefficients in regression involving interactions (see Aiken & West, 1991), and it would be useful to have equivalent results for interaction and quadratic latent variables.


Finally, it may be helpful to revisit the interpretation of an interaction when the coefficient for the linear variable is nonsignificant. The current practice is to interpret the first derivative of the combination of the nonsignificant linear variable coefficient and the significant interaction variable as shown in Table 3 (Aiken & West, 1991; Jaccard, Turissi & Wan, 1990). It could be argued, however, that since the linear variable coefficient is nonsignificant, only the contribution of the interaction variable should be interpreted. For instance in Table 3, the first derivative (.013-.111INV) was interpreted. However, since the constant term in this first derivative is nonsignificant, should only the expression -.111INV*SCT be interpreted? In the Table 3 case the SCT coefficient would have been significant at lower and higher values of INV (not reported) and the conclusions would not be the same as that suggested by the Table 3 results.


There may be other matters as well. For instance, noninterval data analyzed as interval data produces biased estimates (Jöreskog & Sörbom, 1989) and the situation may or may not be aggravated by the specification of interactions and quadratics comprised of ordinal latent variables. In addition, the limits of departures from unidimensionality for the re-estimation technique to work in two-step estimation are not known. In summary it is likely there are useful additions to what is known in this emerging area.
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Table1- STRUCTURAL MODEL RESULTS FOR THE SINGLE-INDICATOR SPECIFICATION AND LISREL8

Structural Equation Analysis Estimates:




      Variance

  Parameter  Estimatea Parameter  Estimatea  Parameter      Estimatea t-value

s1

0.559

s1

 0.166
SAT

1.000


s2

0.625

s2

 0.130
ALT

1.000


s3

0.699

s3

 0.110
INV

1.000  


s4

0.620

s4

 0.119
SCT

1.000


s5

0.663

s5

 0.101
SAT:SCT

1.000

 
a1

0.843

a1

 0.272 
ALT:SCT
 
1.000  

 
a2

0.818

a2

 0.249 
INV:SCT
 
1.000  

 
a3

0.910

a3

 0.077 
SCT:SCT

1.000 

 
a4

0.713

a4

 0.244 
SAT,ALT

-0.550*

 
i1

0.683

i1

 0.454 
SAT,INV

0.347*

 
i2

0.752

i2

 0.120 
SAT,SCT

0.257* 

 
i3

0.766

i3

 0.089 
ALT,INV

-0.278*

 
i4

0.750

i4

 0.124 
ALT,SCT

-0.398*

 
sc1

0.884

sc1
 
 0.292 
INV,SCT

 0.532*

 
sc2

0.962

sc2
 
 0.209 
NEG
 
0.319*

 
sc3

0.947

sc3
 
 0.175 
NEG,SAT
 
-0.241
-4.394


sc4

0.979

sc4
 
 0.210 
NEG,ALT
  
0.132
 2.398


sat:sct

0.597

sat:sct
 0.046 
NEG,INV

-0.138
-2.601


alt:sct

0.774

alt:sct
 0.087 
NEG,SCT

-0.018
-0.341


inv:sct

0.696

inv:sct
 0.076 
NEG,SAT:SCT
 0.120
 2.762


sct:sct

0.889

sct:sct
 0.203 
NEG,ALT:SCT
 0.001
 0.024

 
n1

0.691

n1

 0.188  
NEG,INV:SCT
-0.118
-2.684

 
n2

0.717

n2

 0.107  
NEG,SCT:SCT
-0.022
-0.482

 
n3

0.865

n3

 0.063  


 
n4

1.000

n4

 0.141  



Fit Indices:

Chi-Square Statistic Value                                                   681


Chi-Square Degrees of Freedom                                          269


p-Value of Chi-Square Value                                              .000

 
GFI









.803


AGFI









.762

 
Comparative Fit Index                                                         .910


Standardized RMS Residual                                                 .088


RMSEA                                                                                .083


p‑value for RMSEA < 0.05                                                  .413E‑06

OLS Regression Estimates:
Dependent  Independent    b Coef-                      F-value

   Variable      Variableb       ficient       p-value     and (p)        R2
     NEG           SAT

-.290
.000
1   5.45 (.000)  .367

                        ALT

.137
.006

                        INV

-.170
.002

                        SWC

.004
.915

                    SAT*SCT
 .158
.014

                    ALT*SCT
-.004
.941

                    INV*SCT
-.133
.021

                    SCT*SCT
-.022
.646


           Constant
 .048       
.311

__________________

a Maximum likelihood.

b The independent and dependent variables were averaged and centered.

 * t-value > 2. 

Table2- STRUCTURAL MODEL RESULTS FOR THE SINGLE-INDICATOR SPECIFICATION AND EQS

Structural Equation Analysis Estimates:
                                                     Variance                                                  t-value          
  Parameter  Estimatea Parameter  Estimatea  Parameter      Estimatea    ML   ML-Robust

s1

0.792

s1

 0.167
SAT

0.518


s2

0.886

s2

 0.130
ALT

0.849


s3

1.000

s3

 0.109
INV

0.608  


s4

0.879

s4

 0.119
SCT

0.969


s5

0.940

s5

 0.102
INV:SCT
 
0.753  

 
a1

0.926

a1

 0.271 
SAT,ALT

-0.371*

 
a2

0.904

a2
 
 0.249
SAT,INV

0.197*

 
a3

1.000

a3
 
 0.077
SAT,SCT

0.188*

 
a4

0.783

a4
 
 0.244
SAT,INV:SCT
 0.055 

 
i1

0.893

i1

 0.452 
ALT,INV

-0.203*

 
i2

0.986

i2

 0.120 
ALT,SCT

-0.366* 

 
i3

1.000

i3

 0.089 
ALT,INV:SCT
-0.056 

 
i4

0.978

i4

 0.124 
INV,SCT

 0.411* 

 
sc1

0.902

sc1

 0.293 
INV,INV:SCT

-0.171*

 
sc2

0.981

sc2

 0.211 
SCT,INV:SCT
-0.020 

 
sc3

0.967

sc3

 0.174 
NEG
 
0.327*


sc4

1.000

sc4

 0.208 
NEG,SAT
 
-0.363
-4.671
-3.622


inv:sct

0.928

inv:sct
 0.057 
NEG,ALT
  
0.163
 2.697
-2.640

 
n1

0.695

n1

 0.189  
NEG,INV

-0.172
-2.367
-2.092

 
n1

0.695

n1

 0.189  
NEG,SCT

 0.013
 0.245
 0.224

 
n3

0.872

n3

 0.063  
NEG,INV:SCT
-0.111
-2.094
-2.403

 
n4

1.000

n4

 0.141  



Fit Indices:






          ML  ML-Robust

Chi-Square Statistic Value                                                   321        276


Chi-Square Degrees of Freedom                                          196


p-Value of Chi-Square Value                                               .000

 
GFI 









.882



AGFI 









.848

 
Comparative Fit Index                                                         .971        .972


Standardized RMS Residual                                                 .045


RMSEA                                                                                .053


p‑value for RMSEA < 0.05                                                  .268


Squared Multiple Correlation for NEG = .372

OLS Regression Estimates:
Dependent  Independent    b Coef-                      F-value

   Variable      Variableb       ficient       p-value     and (p)        R2
     NEG           SAT

-.318
.000
2   2.68 (.000)  .344

                        ALT

.155
.001

                        INV

-.157
.005

                        SWC

.021
.623

                    INV*SCT
-.100
.031


           Constant
.042       
.284

__________________

a Maximum likelihood.

b The independent and dependent variables were averaged and centered.

 * t-value > 2. 

                         Table 3- INV-SCT INTERACTION SIGNIFICANCE                                
               SCT-NEG Assoc.                           INV-NEG Assoc.                

              SCT       SE of                                INV        SE of                

  INV     Coef-   SCT Coef-     t-       SCT    Coef-    INV Coef-   t-     

 Valuea  ficient b   ficientc       value  Valued ficiente    ficientf     value   

                                                             1 
 0.07        0.11        0.66    

    2
0.21       0.11          1.83
2
-0.03        0.07       -0.42    

    3
0.10       0.07          1.38
3
-0.14        0.06       -2.08    

  3.80g
 0.01       0.05          0.24     3.25g
-0.17        0.07       -2.36   

    4
-0.00       0.05         -0.15      4

-0.25        0.09       -2.70    

    5
-0.11       0.07         -1.51
5
-0.36        0.13       -2.68  

__________________
 a The values ranged from 2 (=low) to 5 in the study. 

 b The coefficient of SCT is given by (.013-.111INV)SCT with INV centered. 

 c The Standard Error of the SCT coefficient is given by

     ___________________

   √Var(bSCT+bINV*SCTINV)

              _____________________________________________ 

         = √ (Var(bSCT)+INV2Var(bINV*SCT)+2INVCov(bSCT,bINV*SCT)

d The values ranged from 1 (=low) to 5 in the study.

e The coefficient of INV is given by (-.172-.111SCT)INV with SCT centered.

f The Standard Error of the INV coefficient is given by

     ___________________

   √Var(bINV+bINV*SCTSCT)

              _____________________________________________

         = √Var(bINV)+SCT2Var(bINV*SCT)+2SCTCov(bINV,bINV*SCT)

g Mean value.
         Table 4- LINEAR-TERMS-ONLY MEASUREMENT MODEL RESULTS         


      Variance

  Parameter  Estimatea Parameter  Estimatea  Parameter      Estimatea

s1

0.792

s1

 0.167 
 SAT

0.517 


s2

0.886
 
s2

 0.130 
 ALT

0.849 



s3

1.000

s3

 0.109
 INV

0.602 



s4

0.879

s4
 
 0.119 
 SCT

0.968 



s5

0.940

s5

 0.102 
 NEG

0.520 


 
a1

0.926

a1

 0.271
 SAT,ALT

-0.371* 


 
a2

0.904

a2

 0.249 
 SAT,INV

0.199* 


 
a3

1.000

a3

 0.077 
 SAT,SCT

0.188* 


 
a4

0.783

a4
 
 0.244 
 SAT,NEG

-0.286* 


 
i1

0.891

i1

 0.454 
 ALT,INV

-0.205*

 
i2

0.986

i2

 0.120 
 ALT,SCT

-0.366*

 
i3

1.000

i3

 0.089 
 ALT,NEG

0.309*

 
i4

0.978

i4

 0.124 
 INV,SCT

 0.411*

 
sc1

0.902

sc1

 0.293 
 INV,NEG 

-0.118*

 
sc2

0.982

sc2

 0.210 
 SCT,NEG

-0.184*

 
sc3

0.967

sc3

 0.175 



sc4

1.000

sc4

 0.209 


 
n1

0.694

n1
 
 0.190  


 
n1

0.730

n1

 0.107



n3

 0.872

n3

 0.063 


n4

 1.000

n4

 0.141 


Fit Indices:

Chi-Square Statistic Value                                                   305


Chi-Square Degrees of Freedom                                          179


p-Value of Chi-Square Value                                               .000

 
GFI 









.883



AGFI 









.850

 
Comparative Fit Index                                                         .970


Standardized RMS Residual                                                 .045


RMSEA                                                                                .056


p‑value for RMSEA < 0.05                                                  .153

___________________________

a Maximum likelihood.

 * t-value > 2. 

Table 5- SPREADSHEET FOR THE SINGLE-INDICATOR LOADINGS AND ERRORS

 A
  B
C
  D
E                F

G

1    EXCEL spreadsheet to calculate interaction and quadratic fixed and starting values

2     using linear terms only measurement model values (see Table 4)

3

4    Unstandardized Linear-Terms-Only Measurement Model Values:

5    Lambda:






Sum

6    SAT
0.7923
0.88286
1
0.87807
0.93786
0.898218    (=SUM(B6:F6)/5)

7    ALT
0.92619
0.90489
1
0.78421

0.9038225  (=SUM(B7:E7)/4)

8    INV
0.8907
0.9848
1
0.97772

0.963305    (=SUM(B8:E8)/4)

9    SCT
0.90298
0.98275
0.96771
1

0.96336      (=SUM(B9:E9)/4)

10  Theta:





   Sum       

11  SAT
0.16612
0.13209
0.10738
0.11977
0.10302
0.025135    (=SUM(B11:F11)/5^2)

12  ALT
0.27292
0.24845
0.0784
0.24354

0.052707    (=SUM(B12:E12)/4^2)

13  INV
0.45457
0.12132
0.08869
0.12417

0.049297    (=SUM(B13:E13)/4^2)

14  SCT
0.29309
0.21006
0.17531
0.2094

0.055491    (=SUM(B14:E14)/4^2)

15  Phi:

16
   SAT
    ALT
 INV
SCT



17  SAT
 0.51985






18  ALT
‑0.37181
 0.8487





19  INV
 0.19978
‑0.20527
0.603




20  SCT
 0.18902
‑0.36652
0.41129
0.96864



Calculated Interaction and Quadratic Values:

 
   Lambda




sat:sct
0.865307292
(=+G6*G9)

alt:sct
0.870706444
(=+G7*G9)



inv:sct
0.928009505
(=+G8*G9)



sct:sct
0.92806249
(=+G9^2)


  Theta


sat:sct   0.233968111
(=+G6^2*B17*G14+G9^2*E20*G11+G11*G14)

alt:sct    0.16890411
(=+G7^2*B18*G14+G9^2*E20*G12+G12*G14)

inv:sct   0.262181552
(=+G8^2*B19*G14+G9^2*E20*G13+G13*G14)

sct:sct   0.896686172
(=+4*G9^2*E20*G14+2*G14^2)


   Phi

sat:sct   0.539276064
(=+B17*E20+B20^2)

alt:sct    0.956421678
(=+C18*E20+C20^2)


inv:sc    0.753249384
(=+D19*E20+D20^2)


sct:sct   1.876526899
(=+E20^2)


Figure 1- Single-Indicator LISREL8 Specification Code

NEGLECT with nonlinears (Full Structural Model)

DA NI=53 NO=222

LA

 sa1 sa2 sa3 sa4 sa5 sa6 sa7 al1 al2 al3 al4 al5 al6

 in1 in2 in3 in4 in5 in6 sc1 sc2 sc3 sc4 sc5

 ne1 ne2 ne3 ne4 ne5 ne6 ne7

 x1 x2 x3 x4 x5 x6 x7 x8 x9 x10

 ssc x12 x13 asc x14 isc scsc x15 x16 x17 x18 x19

RA FI=d:\lisrel8w\neg\neg1.dat FO

(f9.6,7f10.6/f9.6,7f10.6/f9.6,7f10.6/f9.0,6f10.0,f10.4/f9.4,7f10.4/f9.4,7f10.6/f9.6,4f10.6)

SE

 ne2 ne5 ne6 ne7

 sa2 sa4 sa5 sa6 sa7 al2 al3 al4 al5 in1 in3 in4 in5 sc2 sc3 sc4 sc5

 ssc asc isc scsc

/

MO NY=4 NX=21 ne=1 nk=8 ap=8

LE

NEG

LK

SAT ALT INV SWC

SSC ASC ISC SCSC

pa ly

*

1

1

1

0

ma ly

*

 .69415

 .73074

 .87250

1.00000

pa te

*

1 1 1 1

ma te

*

 .19060 .10722 .06301 .14102

pa lx

*

1 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0

0 1 0 0 0 0 0 0

0 1 0 0 0 0 0 0

0 1 0 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 1 0 0 0 0 0

0 0 0 1 0 0 0 0

0 0 0 1 0 0 0 0

0 0 0 1 0 0 0 0

0 0 0 1 0 0 0 0

0 0 0 0 1 0 0 0

0 0 0 0 0 1 0 0

0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 1

Figure 1- Single-Indicator LISREL8 Specification Code (Continued)

ma lx

*

 .57047  0    0    0    0    0     0    0

 .63797  0    0    0    0    0     0    0

 .71961  0    0    0    0    0     0    0

 .63319  0    0    0    0    0     0    0

 .67682  0    0    0    0    0     0    0

    0 .85382  0    0    0    0     0    0

    0 .83309  0    0    0    0     0    0

    0 .92148  0    0    0    0     0    0

    0 .72202  0    0    0    0     0    0

    0    0 .69181  0    0    0     0    0

    0    0 .76535  0    0    0     0    0

    0    0 .77603  0    0    0     0    0

    0    0 .75915  0    0    0     0    0

    0    0    0 .88871  0    0     0    0

    0    0    0 .96722  0    0     0    0

    0    0    0 .95239  0    0     0    0

    0    0    0 .98422  0    0     0    0

    0    0    0    0 .61402  0     0    0

    0    0    0    0    0 .79433   0    0

    0    0    0    0    0    0  .70928  0

    0    0    0    0    0    0     0 .89896

pa td

*

21*1

ma td

*

 .16702 .13028 .10938 .11966 .10219

 .27195 .24934 .07797 .24416

 .45436 .12037 .08948 .12429

 .29309 .21006 .17536 .20934

 .04726 .03345 .05733 .20569

pa ga

*

!sa al in sc ssc asc isc scsc

  1  1  1  1  1   1   1   1 !ne

pa ph

*

  0 !sa

  1  0 !al

  1  1  0 !in

  1  1  1  0 !sc

  0  0  0  0  0 !ssc

  0  0  0  0  0   0 !asc

  0  0  0  0  0   0   0 !isc

  0  0  0  0  0   0   0   0 !scsc

!sa al in sc ssc asc isc scsc

ma ph

*

  1 !sa

‑.55972    1 !al

 .35660 ‑.28679   1 !in

 .26639 ‑.40420 .53819 1 !sc

   0       0      0    0  1 !ssc

   0       0      0    0  0   1 !asc

   0       0      0    0  0   0   1 !isc

   0       0      0    0  0   0   0   1 !scsc

! sa      al     in   sc ssc asc isc scsc

Figure 1- Single-Indicator LISREL8 Specification Code (Continued)

!par(1)=lsat, par(2)=lsct, par(3)=lalt, par(4)=linv

co par(1)=.2*lx(1,1)+.2*lx(2,1)+.2*lx(3,1)+.2*lx(4,1)+.2*lx(5,1)

co par(2)=.25*lx(14,4)+.25*lx(15,4)+.25*lx(16,4)+.25*lx(17,4)

co lx(18,5)=par(1)*par(2)

co par(3)=.25*lx(6,2)+.25*lx(7,2)+.25*lx(8,2)+.25*lx(9,2)

co lx(19,6)=par(3)*par(2)

co par(4)=.25*lx(10,3)+.25*lx(11,3)+.25*lx(12,3)+.25*lx(13,3)

co lx(20,7)=par(4)*par(2)

co lx(21,8)=par(2)*par(2)

!par(1)=lsat, par(2)=lsct, par(3)=lalt, par(4)=linv

!par(5)=tsat, par(6)=tsct, par(7)=talt, par(8)=tinv

co par(5)=.04*td(1,1)+.04*td(2,2)+.04*td(3,3)+.04*td(4,4)+.04*td(5,5)

co par(6)=.0625*td(14,14)+.0625*td(15,15)+.0625*td(16,16)+.0625*td(17,17)

!                psat*tsct*lsat^2   +  psct*tsat*lsct^2     + tsat*tsct

co td(18,18)=ph(1,1)*par(6)*par(1)^2+ph(4,4)*par(5)*par(2)^2+par(5)*par(6)

!                4psct*tsct*lsct^2    + 2*tsct*tsct

co par(7)=.0625*td(6,6)+.0625*td(7,7)+.0625*td(8,8)+.0625*td(9,9)

!                palt*tsct*lalt^2   +  psct*talt*lsct^2     + talt*tsct

co td(19,19)=ph(2,2)*par(6)*par(3)^2+ph(4,4)*par(7)*par(2)^2+par(7)*par(6)

co par(8)=.0625*td(10,10)+.0625*td(11,11)+.0625*td(12,12)+.0625*td(13,13)

!                pinv*tsct*linv^2   +  psct*tinv*lsct^2     + tinv*tsct

co td(20,20)=ph(3,3)*par(6)*par(4)^2+ph(4,4)*par(8)*par(2)^2+par(8)*par(6)

co td(21,21)=4*ph(4,4)*par(6)*par(2)^2+2*par(6)^2     

OU xm nd=5 it=100 ad=off

Figure 2- Single-Indicator EQS Specification Code

/TITLE=NEGLECT with INV*SCT only (Structural Model);

/SPECIFICATIONS

 VARIABLES = 53; ME = ml,robust;

 cases=222;MA = raw; 

 FO='(f9.6,7f10.6/f9.6,7f10.6/f9.6,7f10.6/

      f9.0,6f10.0,f10.4/f9.4,7f10.4/

      f9.4,7f10.6/f9.6,4f10.6)';

 DATA='c:\eqswin\neg\neg1.dat';

/labels

 v2=sa2;v4=sa4;v5=sa5;v6=sa6;v7=sa7;v9=al2;v10=al3;v11=al4;v12=al5;

 v14=in1;v16=in3;v17=in4;v18=in5;v21=sc2;v22=sc3;v23=sc4;v24=sc5;

 v26=ne2;v29=ne5;v30=ne6;v31=ne7;v42=ssc;v45=asc;v47=isc;v48=scsc;

/EQUATIONS

 V2 =  .9*f1            + e1;

 V4 =  .9*f1            + e2;

 v5 =  1.0f1            + e3;

 v6 =  .9*f1            + e4;

 v7 =  .9*f1            + e5;

 v9 =    .9*f2          + e6;

 v10 =   .9*f2          + e7;

 v11 =   1.0f2          + e8;

 v12 =   .9*f2          + e9;

 v14 =     .9*f3        + e10;

 v16 =     .9*f3        + e11;

 v17 =     1.0f3        + e12;

 v18 =     .9*f3        + e13;

 v21 =       .9*f4      + e14;

 v22 =       .9*f4      + e15;

 v23 =       .9*f4      + e16;

 v24 =       1.0f4      + e17;

 v26 =         .9*f5    + e18;

 v29 =         .9*f5    + e19;

 v30 =         .9*f5    + e20;

 v31 =         1.0f5    + e21;

!v42 =   0.865307292f6 + e22;

!v45 =   0.870706444f7 + e23;

 v47 =   0.928009505f8 + e24;

!v48 =   0.928062490f9 + e25;

 f5 = ‑.29*f1 + .13*f2 + ‑.17*f3 + ‑.004*f4 + ‑.13*f8 + d1;

/VARIANCES

 F1 = .51985*;

 f2 = .8487*;

 f3 = .603*;

 f4 = .96864*;

!f5 =

!F6 = 0.539276064*;

!F7 = 0.956421678*;

 F8 = 0.753249384;

!F8 = 0.753249384*;

!F9 = 1.876526899*;

 e1 to e21 = .1*;

!e22 = 0.047264018;

!e23 = 0.033451716;

 e24 = 0.057338752;

!e25 = 0.205695870;

 d1 = .5*;

Figure 2- Single-Indicator EQS Specification Code (Continued)

/COVARIANCE

 f1,f2 = ‑.37*;

 f1,f3 = .19*;

 f1,f4 = .18*;

 f2,f3 = ‑.20*;

 f2,f4 = ‑.36*;

 f3,f4 = .41*;

 f1,f8 = *;f2,f8 = *;f3,f8 = *;f4,f8 = *;

/print

 dig=5;

/END

Appendix- Calculated Interaction and Quadratic Variances and Covariances


The following presents the corrections for unadjusted variances and covariances (e.g., SAS or SPSS values) involving interactions and quadratics.


An estimate of the variance of the latent variable X using the variance of the observed variable X = (x1 + x2)/2, where x1 and x2 are the observed indicators of X (i.e., x1 = X1X + X1 and x2 = X2X + X2), x1 and x2 are independent of X1 and X2, X1 and X2 are independent of each other, and x1 and x2 are multivariate normal with zero means, is given by the following. Let a = (a1 + a2)/2. Then


Var(X) = Var[(x1 + x2)/2]



  = Var[XX + (X1 + X2)/2]



  = X2Var(X) + [Var(X1) + Var(X2)]/22


  = X2Var(X) + X,









(i)

where Var(a) is the variance of a, Var(X) is the observed variance of X, and X = [Var(X1) + Var(X2)]/22. As a result, an estimate of Var(X) is given by



Var(X) = (Var(X) - X)/X2.


For Cov(XZ), where Cov(a,b) is the covariance of a and b,



Cov(X,Z) = Cov[(x1 + x2)/2, (z1 + z2)/2]




    = [Cov(X1X+X1,Z1Z+Z1) + Cov(X1X+X1,Z2Z+Z2)





+ Cov(X2X+X2,Z1Z+Z1) + Cov(X2X+X2,Z2Z+Z2)]/22



    = Cov(X,Z)XZ ,







(ii)

and an estimate of Cov(XZ) is given by



Cov(X,Z) = Cov(X,Z)/XZ ,

where Z = (z1 + z2)/2.


Off-diagonal terms comprised of an interaction and a linear variable that does not appear in the interaction such as Cov(V,WX) are estimated as follows:



Cov(V,WX) = Cov(VV + EV,[WW + EW][XX + EX]) ,

where Ea = (a1 + a2)/2. Hence



Cov(V,WX) = Cov(V,WX)VWX ,

and



Cov(V,WX) = Cov(V,WX)/VWX.


The covariance of two interactions with no common linear variables is given by



Cov(VW,XZ) = Cov(V,X)Cov(W,Z) + Cov(V,Z)Cov(W,X) ,




(iii)

(Kendall & Stewart, 1958), and



Cov(VW,XZ) = Cov(V,X)VXCov(W,Z)WZ




+ Cov(V,Z)VZCov(W,X)WX




= Cov(VW,XZ)VWXZ ,

by equality ii. An estimate of Cov(VW,XZ) is therefore given by



Cov(VW,XZ) = Cov(VW,XZ)/VWXZ.






(iv)


By equality iv the covariance of two quadratics such as Cov(XX,ZZ) is



Cov(XX,ZZ) = Cov(XX,ZZ)/X2Z2.


For the variance of an interaction



Var(XZ) = Cov(XZ,XZ)




   = Var(X)Var(Z) + Cov(X,Z)2 ,

using equality iii. Hence



Var(XZ) = [X2Var(X) + X][Z2Var(Z) + Z] + [Cov(X,Z)XZ]2



   = Cov(XZ,XZ)XZXZ + Var(X)X2Z




+ Var(Z)Z2X + XZ ,

using i and ii, and



Var(XZ) = (Var(XZ) - Var(X)X2Z - Var(Z)Z2X - XZ)/X2Z2



   = (Var(XZ) - ZVar(X) - XVar(Z) + XZ)/X2Z2.


The corrected estimate of a quadratic such as Var(XX) is similar:



Var(XX) = 2Var(X)2
                   

   = 2[X2Var(X) + X]2



   = Var(XX)X4 + 4Var(X)X2X +2X2 ,

by equality iii, and



Var(XX) = (Var(XX) - 4Var(X)X2X - 2X2)/X4



   = (Var(XX) - 4Var(X)X + 2X2)/X4.


For the covariance of a quadratic and an interaction that has a common linear variable such as Cov(XX,XZ),



Cov(XX,XZ) = 2Var(X)Cov(X,Z)




          = 2[X2Var(X) + X]Cov(X,Z)XZ



          = Cov(XX,XZ)X2XZ + 2Cov(X,Z)XZX ,

by equalities ii and iii, and



Cov(XX,XZ) = (Cov(XX,XZ) - 2Cov(X,Z)XZX)/X3Z




  = (Cov(XX,XZ) - 2Cov(X,Z)X)/X3Z.


For a combination of interactions with a common linear variable such as Cov(VW,VZ)



Cov(VW,VZ) = Var(V)Cov(W,Z) + Cov(V,Z)Cov(W,V)




           = [V2Var(V) + V]Cov(W,Z)WZ





+ Cov(V,Z)VZCov(W,Z)WV



           = Cov(VW,VZ)V2WZ + Cov(W,Z)WZV

by equalities ii and iii, and



Cov(VW,VZ) = (Cov(VW,VZ) - Cov(W,Z)V)/V2WZ.


By induction these estimates can be generalized to latent variables with an arbitrary number of indicators, e.g., V = (v1 + v2 +...+ vp)/p, where vi are the observed indicators of  V (i.e., vi = viV + vi). V is given by V = [Var(v1) + Var(v2) +...+ Var(vp)]/p2. 

� COSAN is available from SAS, Inc. Other software that will directly estimate latent variable interactions and quadratics includes LINCS (distributed by APTEC Sys�tems), RAMONA (distrib�uted by Michael W. Browne, Ohio State University), MECOSA (dis�tributed by SLI-AG, Frauenfeld Switzerland).


� The Kenny and Judd normality assumptions were that each of the latent variables X and Z is independent of the errors (εx1, εx2, εz1, and εz2), the error terms are mutually indepen�dent, the indicators x1, x2, z1, and z2 are multivariate normal, and the errors (εx1, εx2, εz1, and εz2) are multivar�iate nor�mal.


� Centering an indicator involves subtracting the mean of the indicator from each case value. As a result the indicator has a mean of zero (see Aiken & West, 1991; Bollen, 1989:13; Jaccard, Turrisi & Wan, 1990:28; Kenny & Judd, 1984). While this is a standard assumption in structural equation modeling for variables with an arbitrary zero point such as Likert-scaled and other rating-scaled variables (see Bollen, 1989), mean or zero centering has been the subject of much confusion over the interpretation of centered variables. Aiken and West (1991) present a compelling and exhaustive argument for the efficacy of centering.


� Centering the indicators of the dependent variable Y is optional and has no effect on the structural coefficient estimates. However it is recommended and used throughout this presentation to produce coefficient estimates that are equivalent to those produced when an intercept is specified (see Footnote 12).


� By induction, for an arbitrary latent variable X, ΓX = (λx1 + λx2 +...+  λzm)/m and X = (Var(εx1) + Var(εx2) +...+ Var(εxm))/m2, where m is the number of indica�tors of X, and equations (3), and (4) apply to X and Z with an arbitrary number of indicators.


� Each additional product-indicator adds an input variable, and a row and column, to the sample covariance matrix. Adding product-indicators can become statistically detrimental in that each additional product-indicator places additional demands on the sample covariance matrix: the number of resulting variables can become too large to yield a reasonably stable matrix (Jaccard & Wan, 1995).


� Procedures for obtaining unidimensionality are suggested in Anderson and Gerbing (1982:454), Gerbing and Anderson (1988), and Jöreskog (1993:313).


� Ping (1996) showed that in general the loading of a product-indicator xz is given by λxλz and the error variance is given by  Kλx2Var(X)Var�(εz) + Kλz2�Var(Z)Var(εx) + KVar(x)Var(z) (K=2 if x=z, K=1 otherwise). For the single-indicator technique Γ and  in this equation are replaced by  and  defined at equation (3).


� LISREL 8 is available for microcomputers only, and according to individuals at SSI and SPSS when this paper was written (December, 1995), there are no plans to release a mainframe version of LISREL 8 in the near future. As a result mainframe LISREL 7 is likely to remain in use. The two-step technique can also be used with LISREL 8 in problem situations (see page 14).


� Asymptotic Distribution Free estimates (WLS and DWLS methods in LISREL and the AGLS method in EQS) appear to be inappropriate for small samples (i.e., fewer than 400 cases) (Aiken & West, 1991; Hu, Bentler & Kano, 1992; Jaccard & Wan, 1995) (see also Jöreskog & Yang, forthcoming).


� An XZ interaction can be ordinal or disordinal (Lubin, 1961) . For an ordinal interaction the Z-Y association becomes weaker over the range of the interacting variable X. A disordinal interaction, however, is characterized by the Z-Y association changing signs over the range of the interacting variable X.


� As Jöreskog and Yang (forthcoming) point out, a structural equation containing an interaction should in general be specified with an intercept term to avoid interpretational difficulties. Neglecting to do so biases structural coefficients and their standard errors, and produces an interaction coefficient that represents a centered interaction, which may be difficult to interpret. However, the specification of an intercept along with interactions and quadratics can create estimation difficulties, and limit the accessability of estimators that are less sensitive to departures from normality. Because no-intercept bias is substantially reduced in realistic social science research situations by centering the indicators of the independent and dependent latent variables, this presentation centers all indicators and reports estimation results that typically omit the specification of intercepts.


� These estimates were produced by adding METHOD=MOMENT to the /SPECIFICATIONS section of Figure 2, and adding a *V999 variable to the equation for F5.





