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STEP VI-- VALIDATING THE MODEL
Ideally, validating or testing the proposed model requires a first or preliminary model test, then it requires replications or additional tests of the model with other data sets. In the articles I reviewed, however, model replications were seldom reported, and the following will address the preliminary, or first, model test.

While facets of this topic have received attention elsewhere, based on the articles I reviewed, several facets of model validation warrant additional attention. In the following I will discuss difficulties in inferring causality in UV-SD model tests, assessing violations of the assumptions in the estimation techniques used in UV-SD model validation (i.e., regression or structural equation analysis), obstacles to generalizing the study results, error-adjusted regression, model-to-data fit in structural equation analysis, probing nonsignificant relationships, and examining explained variance or the overall explanatory capability of the model. I begin with revisiting causality in UV-SD model tests.

CAUSALITY
The subject of causality in UV-SD model tests was discussed earlier in Step II-- Stating and Framing Hypotheses where it was stated that, despite the fact that causality is frequently implicit in hypotheses and it is always implicit in UV-SD models, as a rule surveys cannot detect causality: they are vulnerable to unmodeled common antecedents of both the independent and dependent variables that could produce spurious correlations, and, except for longitudinal research, the variables lack temporal ordering. In addition, probing the directional relationships in UV-DS models by changing the direction of a path between two constructs and gauging model fit using model fit indices designed for comparing model fit (e.g., AIC, CAIC, and ECVI, see  Bollen and Long, 1993) will typically produce only trivial differences in model fit. Thus, it is usually impossible to infer causality by investigating models with reversed paths in structural equation analysis. In addition, for a model that fits the data with n paths among the constructs, there could be 2n -1 alternative models with reversed paths that will also fit the data (e.g., X ( Y may fit the data was well as X  ( Y).

However, nonrecursive or bi-directional models in which constructs are connected by paths in both directions such as 


A  (  B

have been used to suggest directionality and thus suggest causality. Bagozzi (1980a) for example used a bi-directional specification of the association between two dependent variables, salesperson satisfaction and performance. Because the satisfaction-to-performance path was not significant, while the performance-to-satisfaction was, he concluded that this was a necessary (but not sufficient
) condition for inferring a cause-and-effect relationship between performance and satisfaction in salespersons. Thus a bi-directional specification could be used to empirically suggest directionality between two dependent constructs (see Appendix M for an example).

However, bidirectional relationships increase the likelihood that the model will not be identified (i.e., one or more model parameters is not uniquely determined). As a rule, a bi-directional relationships between an independent and a dependent variable is not identified, and in general each construct in a bi-directional relationship should have at least one other antecedent. There are several techniques for determining if a model with one or more bi-directional relationships is identified. LISREL for example, will frequently detect a model that is not identified and produce a warning message to that effect. In regression, two stage least squares will also produce an error message if the model is not identified. While formal proofs of identification can be employed (see Bagozzi, 1980a for an example), Berry (1984) provides an accessible algorithm for determining if a model is identified.

It is also possible to probe empirical directionality in a UV-SD model without the use of bi-directional paths. The path coefficient for the path to be probed for directionality (e.g., X ( Y) can be constrained to zero and the model is re-estimated in order to examine the two modification indices for the path in question.
 If, for example, the modification index for the X ( Y path is larger than the modification index for the X ( Y path, this suggests that freeing the X ( Y path would improve model fit more than freeing the X ( Y path. Other things being equal, this in turn weakly suggests the path between X and Y may be more likely to be from X to Y rather than from Y to X. For emphasis, however, a proper investigation of the directionality of this path requires longitudinal research.

VIOLATIONS OF ASSUMPTIONS
REGRESSION
The possibility of violations of the assumptions in the estimation technique used for UV-SD models was seldom discussed in the articles I reviewed. This was particularly true when regression was involved. Regression assumes the errors or residuals are normally distributed and have constant variance, the variables are measured without error, and important antecedent variables are not missing from the model. There is an extensive literature on checking for violations of the first of these assumptions behind regression, or the "aptness" of the regression model (see for example Berry, 1993; Neter, Wasserman and Kutner, 1985), and care should be taken to assess and report at least the results of a residual analysis gauging the normality of the errors and the constancy of error variance when regression is used.

Regression also assumes the variables are measured without error. As mentioned earlier, variables measured with error, when they are used with regression, produce biased regression coefficient estimates (i.e., the average of many samples does not approach the population value), and inefficient estimates (i.e., coefficient estimates vary widely from sample to sample). Based on the articles I reviewed, it was tempting to conclude that some substantive researchers believe that with adequate reliability (i.e., .7 or higher) regression and structural equation analysis results will be interpretationally equivalent (i.e., coefficient signs and significance, or lack thereof, will be the same with either technique). Nevertheless this is not always true with survey data. Regression can produce misleading interpretations even with highly reliable latent variables and survey data (see Appendix B for an example). Thus reduced reliability increases the risk of false negative (Type I) and false positive (Type II) errors with regression, and care should be taken to acknowledge this assumption violation in the limitations section when regression results are reported.

STRUCTURAL EQUATION ANALYSIS
In structural equation analysis variables are assumed to be continuous (i.e., measured on interval or ratio scales) and normally distributed, the data set is assumed to be large enough for the asymptotic (large sample) theory behind structural equation analysis to apply, and all the important antecedent variables are modeled.

Ordinal Data
UV-SD model tests, however, usually use rating scaled data (e.g., Likert scaled items) that are ordinal rather than continuous. Using such data violates the continuous data assumption in structural equation analysis and is formally inappropriate (Jöreskog, 1994). Ordinal data may introduce estimation error in the structural equation coefficients, because the correlations can be attenuated (Olsson, 1979; see Jöreskog and Sörbom, 1996a:10) (however Bollen, 1989:438 points out that unstandardized coefficients may not be affected by the use of ordinal variables, and that this area is in an early stage of development).
 In addition, ordinal data is believed to produce correlated measurement errors (and thus model fit problems) (see Bollen, 1989:438).

Remedies include increasing the number of points used in a rating scale. The number of points on rating scales such as Likert scales may be negatively related to the standardized coefficient attenuation that is likely in structural equation analysis when ordinal data is used (see Bollen, 1989:434). Because the greatest attenuation of correlations occurs with fewer than 5 points (Bollen, 1989), rating scales should contain 5 or more points (LISREL 8 treats data with more than 15 points as continuous data-- see Jöreskog and Sörbom, 1996a:37). Nunnally (1978:596) states that beyond 20 points other difficulties may set in.

Remedies also include converting the data to continuous data by using thresholds (see Jöreskog and Sörbom, 1996b:240). Assuming rating scaled data such as Likert scaled items are the results of underlying continuous distributions (see Muthén, 1984), it is possible to estimate the (polychoric) correlation matrix of these underlying variables and use structural equation analysis. A distribution-free estimator such as Weighted Least Squares (WLS) (LISREL and EQS) or Maximum Likelihood (ML)-Robust (EQS only) should be used to verify the resulting standard errors because the derived distributions underlying the polychoric correlations are likely to be nonnormal, and ML estimation is believed to be nonrobust to nonnormality (see citations in Ping, 1995).

However, WLS may not be appropriate for small samples (i.e., in the neighborhood of 200) (e.g., Aiken and West, 1991). Polychoric correlations require large samples to ensure their asymptotic correctness. For example LISRELs PRELIS procedure will not create polychoric correlations unless the sample is larger than n(n+1)/2, where n is the number of observed variables. In addition, Jöreskog (1996a:173) warns that there is no assurance that this number of cases will produce an asymptotically correct covariance matrix. Thus the ideal number of cases may be several multiples of n(n+1)/2.

Unfortunately while ML estimation using polychoric correlations could be used to avoid these difficulties, Jöreskog and Sörbom, 1989:192 state that maximum likelihood estimation of polychoric correlations is consistent (unbiased) but the standard errors and chi-squares are asymptotically (formally) incorrect. Jöreskog and Sörbom (1996a:7) also recommend that correlation matrices be analyzed with ordinal variables, but the resulting standard errors and chi-squares are incorrect. 

Thus, the current practice of using product moment covariances and ML estimation for methodologically small samples may be better than using asymptotically incorrect polychoric correlations (Jöreskog, 1989:192).

Alternatively, the indicators for a construct could be summed to produce more nearly continuous data (see Step V-- Single Indicator Structural Equation Analysis), and product moment covariances and ML estimation could be used.

Nonnormality
 However, ordinal data (or summed ordinal indicators) are formally (and typically empirically) nonnormal, and the use of product moment covariances and ML estimation  in structural equation analysis can produce standard errors that are attenuated, and an incorrect chi-square statistic (Jöreskog, 1994). Thus, care should be taken to assess the empirical normality of the indicators in a model. For typical survey data sets, however, even small deviations from normality are likely to be statistically significant (Bentler, 1989). Thus, individual items are frequently univariate nonnormal, and survey data sets are almost always multivariate nonnormal. While there is no guidance for determining when statistical nonnormality becomes practical nonnormality in terms of its effects on coefficients and their significance (Bentler, 1989), items could be statistically nonnormal using standard skewness and kurtosis tests, but judged "not unreasonably nonnormal" (i.e., skewness, kurtosis, and the Mardia, 1970 coefficient of multivariate nonnormality are not unreasonably large).

Perhaps the most useful approach when nonnormality is a concern is to estimate the structural model a second time using an estimator that is less distributionally dependent, such as EQS' Maximum Likelihood (ML) Robust estimator option. The ML-Robust estimator may be adequate for chi square (see Hu, Bentler and Kano, 1992) and standard errors (Cho, Bentler, and Satorra, 1991) when data nonnormality is unacceptable. The execution times for larger models are typically long, but if associations that are significant with ML are not significant, or vice versa, this suggests that the data is practically nonnormal (i.e., nonnormality is affecting coefficient significance). Since EQS' ML Robust estimator is not frequently reported, the paper should probably report both sets of significances. My experience with this is that coefficients that are just significant, or are approaching significance, might become nonsignificant, or vice versa, using this approach.

Sample Size
If the number of cases is not large enough for the number of parameters estimated (see Step IV-- Sample Size), the input covariance matrix could be bootstrapped to improve the asymptotic correctness of the input covariance matrix (see Step V-- Bootstrapping) or the indicators of one or more constructs could be summed and single indicators could be used to reduce the size of the input covariance matrix (see Step V-- Single Indicator Structural Equation Analysis).

Missing Variables
Further, regression and structural equation analysis both assume that all the important antecedent variables are modeled. Omitting significant antecedents that are correlated with the model antecedents creates the missing variables problem (see James, 1980). This can bias coefficient estimates because missing variables are accounted for in the error term for the dependent variable (e.g., e in Equation 1), which results in the modeled antecedents being correlated with the error term, a violation of regression and structural equation analysis assumptions. While there are tests for violation of the assumption that antecedents are independent from structural error terms (see for example Arminger and Schoenberg, 1989; Wood, 1993), they have been slow to diffuse in the social sciences, and they were not seen in the articles I reviewed. Nevertheless, when explained variance (i.e., R2 or squared multiple correlation) is low, as it was is in most of the articles I reviewed, missing variables may be a threat to the assumptions behind regression and structural equation analysis, and care should be taken to acknowledge the possibility of this violation of assumptions in the limitations section.

GENERALIZABILITY
Nearly all of the articles reviewed generalized their results to the study population.
 While not every article did so, this generalizing was typically preceded by an acknowledgment of the risk of doing so based on a single study. However, in some cases the authors appeared to imply that the study results were applicable to populations beyond that sampled in the study. In addition, the limitations sections seldom discussed the threats to generalizability present in the study, and in only a few cases were additional studies called for to reduce threats to generalizability.

These threats to generalizability include sampling variation, violations of the assumptions behind regression and structural equation analysis, and the intersubject (cross sectional) research designs typically used in UV-SD model tests. Sampling variation can produce results that differ from study to study. Thus it is not uncommon in replications of social science studies to see significant associations that are subsequently nonsignificant, and vice versa (see for example the multi-sample results in Rusbult, Farrell, Rogers and Mainous, 1988). In addition, violations of the assumptions behind regression and structural equation analysis just discussed also produce obstacles to clean inference. Finally, the intersubject (cross sectional) research design inherent in UV-SD model tests provides the largest obstacle to generalizing confirmed associations. Cross sectional tests are sufficient for disconfirmation of intersubject hypotheses, but insufficient for their confirmation, as previously discussed.

Because the assumptions behind regression and structural equation analysis are frequently violated in UV-SD model tests, sampling variation could produce different results in subsequent studies, and the use of intersubject research designs limit the generalizability of a single model validation study, care should be taken to acknowledge the considerable risk of generalizing observed significant and nonsignificant relationships to the study population. In addition, increased care should be taken in discussing the implications of study results because they are based on a single cross sectional study, and the limitations section should call for additional studies of the proposed model, especially intersubjective studies (e.g., longitudinal research and experiments), before firm conclusions regarding confirmed associations in the model can be made.

Care should also be used in phrasing study implications. Most of UV-SD model tests I reviewed used cross-sectional data, and studies designed to detect directionality or causality in the proposed model such as experiments, longitudinal research, or nonrecursive or bi-directional models were seldom seen. Thus any directionality implied by hypotheses, diagrams of the proposed model, or estimation technique was typically inadequately tested. As a result, care should be taken in the phrasing of any implications of the study results to reflect that associations among the study variables were tested, and that phrasing suggesting causality or directionality between the confirmed study associations is typically not warranted.

ERROR-ADJUSTED REGRESSION
The single indicator structural equation analysis approach mentioned earlier can also used with OLS regression (see Ping, 1997b). This approach is efficacious in situations where excessive item omission is required in several measures to attain acceptable model-to-data fit (e.g., with established measures, or where extensive item omission is required to attain acceptable model-to-data fit), and structural equation analysis software is either not readily available, or it is unfamiliar. However, instead of using raw data, an error-adjusted covariance matrix is used as input to OLS regression. For example to estimate Y = b0 + b1X + b2Z + e using error-adjusted regression, the indicators for X, Z and Y are summed then averaged, and then they are mean centered (see Appendix G for details). Next, the covariance matrix of these averaged and mean centered indicators is adjusted using

      Var(X)-θX
Var(X) =   --------------   ,
(9

ΛX2
where Var(X) is the adjusted variance of X, Var(X) is the unadjusted variance of X (available from SPSS, SAS, etc.), θX is the measurement error of X (= Var[X][1-α], where α is the reliability of X), and ΛX is the loading of X (= α1/2), and

       Cov(X,Z)

Cov(X,Z) = ------------   ,
(10

           ΛXΛZ
where Cov(X,Z) is the adjusted covariance of X and Z, and Cov(X,Z) is the unadjusted covariance of X and Z. Next this error-adjusted covariance matrix is used as input to OLS regression, and the resulting standard errors are adjusted to reflect the adjusted variances and covariances (see Appendix G for details and an example).

NONSIGNIFICANT RELATIONSHIPS
Many of the articles I reviewed reported nonsignificant associations, and thus disconfirmed hypotheses, that could plausibly have been the result of unmodeled interactions and quadratics. In addition, although they were seldom reported, in UV-DS models with multiple endogenous variables that are hypothesized to be associated (e.g., Y and Z in X ( Y ( Z), direct effects (e.g., X ( Z) were nonsignificant in situations where it seemed likely that an indirect effect could have been significant (e.g., the combined association of X with Z via Y in X ( Y ( Z could be significant). I will discuss interactions and quadratics, then briefly discuss indirect effects.

INTERACTIONS AND QUADRATICS 
While they are rarely investigated in model tests involving survey data, disconfirmed or wrong-signed observed relationships can be the result of an interaction or quadratic in the population equation. Thus the quadratic in the target antecedent variable (e.g., XX) and interactions of the target antecedent variable with other antecedents of the dependent variable should be investigated.

However, it is likely that the reliability of latent variable interactions and quadratics will be comparatively low. The reliability of these variables is approximately the product of their constituent latent variable reliabilities. Thus because low reliability inflates standard errors in covariant structure analysis, false negative (Type I) errors are more likely for interactions and quadratics with lower reliability. Thus the reliabilities of the latent variables that comprise an interaction or quadratic should be high.

To summarize the growing literature on latent variable interactions and quadratics, OLS regression is considered ill-suited to detecting interactions and quadratics in UV-SD models because the reliability and AVE of these variables is typically low (e.g., the reliability and AVE of XZ is approximately the product of the reliabilities and AVEs of X and Z), and the resulting regression coefficients are comparatively more biased and inefficient (e.g., b3 in Equation 1 is comparatively more biased, and will vary in magnitude from sample to sample, than b1 or b2).

However, it is a common misconception that error-adjusted techniques such as structural equation analysis and error-adjusted regression are not affected by measurement error. For example, while coefficient estimates for these techniques (e.g., the bs in Equation 1) are much less biased by reduced reliability than those from OLS regression, Monte Carlo studies suggest they are still biased by reduced reliability as it declines to .7. In addition, structural coefficients are actually more inefficient when compared to regression, and this inefficiency is amplified by reduced reliability (see Jaccard and Wan, 1995). Overall however, error-adjusted techniques such as structural equation analysis and error-adjusted regression are recommended not only for UV-SD model tests, but also for those involving interactions and quadratics (see Appendices A, G and I for examples). 

When using structural equation analysis, the Kenny and Judd (1984) approach of specifying an interaction or quadratic with indicators that are all possible unique products of its constituent variables indicators (product indicators-- e.g., x1z1, x1z2, etc.) is frequently not practical. Although this approach is occasionally seen in the social science literature, it is tedious (Jöreskog and Yang, 1996), and the set of all unique product indicators is usually inconsistent so it can produce model-to-data fit problems (see Appendix N). Instead, a subset of four product indicators (Jaccard and Wan, 1995), or a single product-of-sums indicator (e.g., (x1+...+xn)(z1+...+zm)) (Ping, 1995) has been suggested. However, it is unlikely that an arbitrarily chosen subset of four product indicators will be consistent, and thus this approach may not avoid model fit problems unless a consistent subset of product indicators is chosen. In addition, there is evidence to suggest the structural coefficient of the interaction (i.e., b3 in Equation 1) varies with the set of product indicators used, even consistent ones (see Appendix N), and only the incorporation of all product indicators adequately specifies an interaction. Thus a single product-of-sums indicator may be the most efficacious available approach to estimating an interaction in structural equation analysis.

Interpreting effects involving an interaction or quadratic involves looking at a range of values for an interacting or quadratic variable. For example, recalling that in Y = b0 + b1X + b2Z + b3XZ ​the coeffi​cient of Z is given by (b2 + b3X), a table of values for (b2 + b3X) such as that shown in Appendix D can be used to interpret the contingent effect of Z on Y.

There are several unusual steps that must be taken when estimating interactions or quadratics using regression or structural equation analysis, such as mean centering the variables (see Appendix A for details). In addition the constituent variables (e.g., X and Z) should be as reliable as possible, to reduce regression or structural coefficient bias and inefficiency. Using OLS or error-adjusted regression, or the single product-of-sums indicator approach in structural equation analysis (see Appendix I), the interaction term (XZ) is added to each case by summing the indicators of each constituent variable (X and Z), then forming the product of these sums (e.g., XZ = (x1+...+xn)(z1+...+zm)). In OLS regression a data set with this product-of-sums variable is used as input to the regression procedure that estimates, for example Equation 1. However, in error-adjusted regression the input covariance matrix is adjusted, and this adjusted covariance matrix is used in place of a data set to estimate, for example, Equation 1 (see Appendix G). To use structural equation analysis and a product-of-sums indicator, a data set with this product-of-sums variable is used as input to the structural equation analysis procedure, but the loadings and error terms of the indicator(s) for the interaction or quadratic are constrained to be equal to functions of the loadings and errors of their constituent variables (see Appendix A for an example).

All of these techniques assume that the indicators of the constituent variables are normally distributed, but there is evidence that the regression or structural coefficients are robust to "reasonable" departures from normality, in the sense discussed earlier under estimation assumptions. However it is believed that the standard errors are not robust to departures from normality, so nonnormality should be minimized (or EQS' Robust estimator should be used) as previously discussed. For interactions and quadratics this also includes adding as few product-of-sums indicators as possible to the data set.

These techniques also assume the variables in the model are unidimensional in the exploratory factor analysis sense, and structural equation analysis assumes the indicators of all the variables, including an interaction or quadratic are consistent (a product-of-sums indicator is typically consistent).

SECOND ORDER INTERACTIONS
Although not seen in the articles I reviewed, an interaction between a first-order construct and a second-order construct is plausible. However, there is little guidance on its specification in structural equation analysis or regression. Appendix N shows the results of an investigation of several specifications using structural equation analysis, which suggests a single product-of-sums indicator may be efficacious when estimating an interaction between a first-order construct and a second-order construct.

INTERPRETING INTERACTIONS AND QUADRATICS
Interpreting interactions and quadratics involves looking at a range of values for the interacting or quadratic variable. For example in Equation 1a, the coeffi​cient of Z was given by (b2 + b3X). Thus a table of values for (b2 + b3X) could be used to interpret the Equation 1a contingent effect of Z on Y in model validation studies (see Appendix C for an example).

INDIRECT AND TOTAL EFFECTS
When endogenous variables are related (e.g., Y and Z in the model X ( Y ( Z), there may be a significant indirect effect between X and Z (e.g., X affects Z by way of Y-- see Appendix D for an example). An indirect effect of X on Z via Y can be interpreted as, X affects Z by affecting Y first. The situation is similar to clouds producing rain, and rain producing puddles: clouds do not produce puddles without first producing rain. These relationships are important because indirect effects can be significant when hypothesized direct effects are not (e.g., in Figure A the UxT-W direct path was not modeled, yet the UxT-V-W indirect effect was significant, see Table D1). Thus failure to examine indirect effects can produce false negative (Type I) errors.

It is also possible for X to affect Z both directly and indirectly. With significant direct and indirect effects, there is also a total effect, the sum or combined effect of the direct and indirect effects. Significant total effects are also important because they can be opposite in sign from an hypothesized direct effect. Thus failure to examine total effects can produce misleading interpretations and a type of false positive (Type II) error when the sign on the total effect is different from the direct effect.

EXPLAINED VARIANCE
The variance (i.e., R2 in regression or squared multiple correlation in structural equation analysis) of dependent variables explained by independent variables was inconsistently reported in the articles I reviewed. Because explained variance gauges how well the models independent variables account for variation in the independent variables, and reduced explained variance affects the importance attached to significant model associations and limits the implications of the model, care should be taken to report explained variance.

MODEL-TO-DATA FIT
Model-to-data fit or model fit (the adequacy of the model given the data) is established using fit indices.  Perhaps because there is no agreement on the appropriate index of model fit (see Bollen and Long, 1993), multiple indices of fit were usually reported in the articles reviewed. The chi-square statistic is a measure of exact model fit (Brown and Cudeck, 1993) that is typically reported in marketing studies. However, because its estimator is a function of sample size it tends to reject model fit as sample size increases, and other fit statistics are used as well. For example, GFI and AGFI are typically reported in marketing studies. However GFI and AGFI decline as model complexity increases (i.e., more observed variables, or more constructs) and they may be inappropriate for more complex models (Anderson and Gerbing, 1984), so additional fit indices are also reported.

In addition to chi-square, GFI, and AGFI, the articles I reviewed reported standardized residuals, comparative fit index (CFI),  and less frequently root mean square error of approximation (RMSEA), the Tucker and Lewis (1973) index (TLI), and the relative noncentrality index (RNI). In addition, Jöreskog (1993) suggests the use of AIC, CAIC and ECVI for comparing models.

Although increasingly less commonly reported in the articles I reviewed, standardized residuals gauge discrepancies between elements of the input and fitted covariance matrices in a manner similar to a t-statistic. The number of these residuals greater than 2 regardless of sign, and the largest standardized residual, are likely to continue as informal indices of fit (Gerbing and Anderson, 1993:63). SRGT2 is compared with a chance level of occurrence (i.e., 5% or 10% of the unique input covariance elements, that is p(p+1)/2, where p is the number of observed variables), and an occurrence greater than chance undermines fit. The largest standardized residual is less frequently reported, but a large standardized residual (e.g., more than 3 or 4, corresponding roughly to a p-value less than .0013 or .00009 respectively) also undermines fit.

The Comparative Fit Index (CFI) as it is implemented in many structural equation analysis packages gauges the model fit compared to a null or independence model (i.e., one where the observed variables are specified as composed of 100% measurement error). It typically varies between 0 and 1, and values .90 or above are considered indicative of adequate fit (see McClelland and Judd, 1993).
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Root Mean Square Error of Approximation (RMSEA) (Steiger, 1990) was infrequently reported in the studies I reviewed, but it is recommended (Jöreskog, 1993), and may be useful as a third indicator of fit (see Brown and Cudeck, 1993; Jöreskog, 1993), given the potential inappropriateness of chi-square, GFI and AGFI, and criticisms of CFIs all-error baseline model (see Bollen and Long, 1993). One formula for RMSEA is 

where Fmin is the minimum value attained by the fitting function (available on request in most structural equation packages), df is the degrees of freedom, and n is the number of cases in the data set analyzed. An RMSEA below .05 suggests close fit, while values up to .08 suggest acceptable fit (Brown and Cudeck, 1993, see Jöreskog, 1993).

TLI and RNI were also infrequently reported in the studies I reviewed, perhaps because they may not be reported in all structural equation modeling programs. However RNI will equal CFI in most practical applications (see Bentler, 1990), and in Bentler (1990) TLI had at least twice the standard error as RNI, which suggests it was less efficient (i.e., its values varied more widely from sample to sample) than RNI.  Nevertheless these statistics may also be useful as a third indicator of fit.

Although competing models were seldom estimated in the articles I reviewed, AIC, CAIC, and ECVI could be used for that purpose. These statistics are used to rank competing models from best to worst fit based on the declining size of these statistics. AIC and ECVI will produce the same ranking, while CAIC will not (Jöreskog 1993:307).

Once the structural model has been shown to fit the data, the explained variance of the proposed model should be examined. Models in the social sciences typically do not explain much variance, and R2 (in regression) or squared multiple correlation (in covariant structure analysis) is frequently small (e.g., 10-40%). This believed to occur because many social science phenomena have many antecedents, and most of these antecedents have only a moderate effect on a target phenomena. Thus in marketing only when explained variance is very small (e.g., less than 5%) is the proposed model of no interest. In this case it is likely that for data sets with 100-200 cases there will be few significant relationships, which would also make the proposed model uninteresting.

Finally, the significance of the relationships among the constructs is assessed using significance statistics. It is customary to gauge significance using p-values less than .05 using regression (occasionally less than .10, although this is becoming rare in marketing), or t-values greater than 2 in covariance structure analysis.

IMPROVING MODEL FIT
There are several techniques for improving model fit, including altering the model, specifying correlated measurement errors, and reducing nonnormality (techniques for reducing nonnormality were discussed earlier).

ALTERING THE MODEL
Modification indices (in LISREL) and lagrange multipliers (in EQS) can be used to improve model fit by indicating parameters fixed at zero in the model that should be freed.
 However, authors have warned against using these model modification techniques without a theoretical basis for changing the model by adding or deleting paths (Bentler 1989, Jöreskog and Sörbom 1996b)

CORRELATED MEASUREMENT ERRORS
Categorical variables (e.g., Likert scaled items) can produce spurious correlated measurement errors (see Bollen, 1989:437; Johnson and Creech, 1983). Systematic error (e.g., error from the use of a common measurement method for independent variables such as the same number and type of scale points) been modeled in the past using correlated measurement errors. The specification of correlated measurement errors also improves model fit.

However, Dillon (1986:134) provides examples of how a model with correlated measurement error may be equivalent to other, structurally different, models, and as a result it may introduce structural indeterminacy into the model. In addition, authors have warned against using correlated measurement errors without a theoretical justification (e.g., Bagozzi, 1984; Gerbing and Anderson, 1984; Jöreskog, 1993; see citations in Darden, Carlson and Hampton, 1984).

MEASUREMENT MODEL FIT
The survey data used in UV-SD models are typically nonnormal because the measures are ordinal scaled. In addition, introducing any interaction or quadratic indicators renders a UV-SD model formally nonnormal (see Appendix A). Because nonnormality inflates chi-square statistics (and biases standard errors downward) in structural equation analysis (see Bentler, 1989; Bollen, 1989, Jaccard and Wan, 1995), reducing indicator nonnormality can improve measurement model fit (techniques were discussed earlier).

STRUCTURAL MODEL-TO-DATA FIT 
Structural models may not fit the data, even if the full measurement model does, because of structural model misspecification. Whether or not exogenous variables are correlated will affect structural model-to-data fit if the exogenous variables are significantly correlated in the measurement model. Not specifying these variables as correlated in this case will usually change path coefficients and decrease their standard errors, and thus change the significance of the coefficients in a structural model. It will also reduce model fit, and may be empirically (and theoretically) indefensible (especially if these variables were significantly correlated in the measurement model). Thus because they are frequently significantly intercorrelated in the measurement model, exogenous variables are typically specified as correlated in structural models in marketing.

Whether or not structural disturbance terms are correlated may also affect model fit. Correlations among the structural disturbance terms can be viewed as correlations among the unmodeled antecedents of the dependent variables in the study, a situation plausible in the social sciences because so many modeled antecedents are intercorrelated. However, because authors have warned against correlated structural disturbance terms unless there is theoretical justification for them, they are typically not specified in marketing studies.

Nevertheless, if there are significant correlations among the structural disturbance terms, failure to model them will reduce model fit. In addition, specifying correlated structural disturbance terms usually changes the structural coefficients and their standard errors, and thus it changes the significance of the coefficients in a structural model. Thus the theoretical justification of correlated structural disturbance terms should be considered in specifying the model to be tested. In addition, failure to investigate significant structural disturbance intercorrelations can bias the structural coefficient estimates and produce false negative (Type I) and false positive (Type II) findings. As a result, they should also be investigated on a post hoc basis. Any significant structural disturbance intercorrelations that produce different interpretations should then be reported and discussed.

In addition, if structural paths are missing the model may not fit the data. Adding structural paths will frequently improve model fit, and dropping them will usually degrade model fit. Specification searches (i.e., modification indices in LISREL and Lagrange multipliers in EQS) can be used to suggest structural paths that should be freed.
 However, authors have warned against adding or deleting structural paths without a theoretical basis (Bentler, 1989, Jöreskog and Sörbom, 1996b), and in general this approach should be avoided in UV-SD model tests.

ESTIMATION ERROR
Estimation error poses an obstacle to clean inference in model validation studies. It is the error inherent with estimation techniques such as regression and structural equation analysis when the assumptions behind these techniques are violated.

For example, in OLS regression and structural equation analysis the model is assumed to be correctly specified (i.e., all important antecedents are modeled), which is seldom the case in model validation studies. For OLS regression the variables are assumed to be measured without error, which is almost never true in these studies. In structural equation analysis the variables are assumed to be continuous (i.e., measured on interval or ratio scales) and normally distributed, and the sample is assumed to be sufficiently large for the asymptotic (large sample) theory behind structural equation analysis to apply. These assumptions are also seldom met in model validation studies.

Summarizing the research on the adequacy of regression and structural equation analysis when these assumptions are not met, these techniques are likely to produce estimation error in model validation studies. The results are biased parameter estimates (i.e., the average of many samples does not approach the population value), inefficient estimates (i.e., parameter estimates vary widely from sample to sample), or biased standard error and chi square statistics.

Thus there is always an unknown level of risk in generalizing the observed significant and nonsignificant relationships to the study population, which marketers frequently acknowledge. We will discuss each of these risks next.

MISSPECIFICATION

In OLS regression and structural equation analysis the omission of important independent variables that are correlated with the independent variables in the model creates a correlation between the structural disturbance and the independent variables (the structural disturbance now contains the variance of these omitted variables) (Bollen and Long, 1993:67) (also see James, 1980). This bias is frequently ignored in model validation studies because its effect in individual cases is unknown.

Nevertheless, for models with low explained variance the possibility coefficient bias casts doubt on generalizability. Although they were not used in the articles reviewed, tests for model misspecification can be used to test for violation of the assumption that antecedents are independent from dependent variable error terms.

MEASUREMENT ERRORS
Meta analyses of marketing studies suggest measurement error generally cannot be ignored in these studies (see Cote and Buckley, 1987; Churchill and Peter, 1984). Self-reports of objectively verifiable data may also contain measurement error (Porst and Zeifang, 1987).

It is well known outside marketing that OLS regression produces path coefficients that are attenuated or worse, inflated, for variables measured with error (see demonstrations in Aiken and West, 1991). It is generally believed in marketing that with acceptable reliability (i.e., Nunnally, 1978 suggested .7 or higher) OLS regression and structural equation analysis results will be equivalent. Nevertheless, it is easy to show that this is not always true in survey data (see Appendix B).

The conditions in model testing under which regression results will be equivalent to those from structural equation analysis are unknown. Thus there is an unknown potential for false negative (Type I) and false positive (Type II) errors when OLS regression is used in model tests.
 In addition, if the proposed model has endogenous relationships (i.e., dependent variables are related), regression is inappropriate because these effects cannot be modeled jointly.

Thus structural equation analysis is generally preferred in the social sciences for unbiased coefficient and standard error estimates using these variables, and thus adequate estimates of path coefficient significance (Bohrnstedt and Carter, 1971; see Aiken and West, 1991; Cohen and Cohen, 1983). However, while they are seldom seen in marketing, if the model contains formative variables (i.e., the indicator paths are from the indicators to the unmeasured variables), partial least squares may be more appropriate than regression (or structural equation analysis which assumes the indicator paths are from the unmeasured variable to the indicators) (see Fornell and Bookstein, 1982).

SECOND ORDER CONSTRUCTS
Although they are rarely specified in marketing studies, second order concepts are important because they can be used to combine several concepts into a single concept, and can be an important alternative to discarding dimensions of a multidimensional construct in order to obtain internal consistency. However, they may not be particularly unidimensional. Thus the measurement and structural portions of structural models may be confounded.

This can produce structural coefficients that are dependent on both the structural model, and the measurement portion of that model. This is believed to be undesirable (Burt, 1973; see Anderson and Gerbing, 1988; Hayduk, 1996) (however, see Kumar and Dillon, 1987a,b) because, for example, comparing competing structural models becomes problematic (however this is seldom done in marketing). In addition, standard reliability calculations, such as coefficient alpha, are no longer formally appropriate because they underestimate reliability. In this event it probably sufficient to note that standard reliability (and average variance extracted) provides a lower bound for reliability (and average variance extracted).

Approaches to separating measurement and structural effects include fixing a second-order constructs loadings in the structural model at its measurement model values. This forces the measurement structure of the measurement model on the structural model for a second-order construct, thus removing any measurement-structure confounding. However this is likely to reduce model-data fit in the structural model.

Another possibility would be to specify the (significant) paths from (or to) other constructs in the structural model (using modification indices in LISREL or lagrange multipliers in EQS). However, without theoretical guidance this may be difficult to justify, and the result may be an unidentified model.

Other approaches include estimating a second structural model with the measurement parameters fixed at the measurement model values. If the two models lead to different interpretations the confounding is interpretationally significant and alternative models should be evaluated. Specifically structural models with trimmed nonsignificant paths in the first (unfixed) model should be investigated to see if significant paths become nonsignificant.

DICHOTOMOUS VARIABLES
Occasionally a model includes dichotomous variables (e.g., bought or did not buy). Jöreskog and Sörbom (1989) among others warn of using non-interval data (e.g., Likert-scaled data) with covariant structure analysis. Such data is formally nonnormal, which biases significance and model fit statistics, and the correlations involving the construct with a non-interval item may be attenuated (see Jöreskog and Sörbom, 1996a:10).

In marketing these warnings are typically ignored for polytotomous data such as Likert-scaled data, but heeded for dichotomous data. Specifically, dichotomous data is usually analyzed in marketing using techniques such as logistic regression. Such approaches present special problems in model tests involving other variables measured with error (e.g., likert scaled items). Using dichotomous data with regression-based techniques may produce biased coefficient and standard error estimates when other variables measured with error are also involved. In OLS regression the potential for biased estimates with variables measured with error is considered so severe that error-in-variables techniques have been developed (see Feucht, 1989 for a summary), and structural equation analysis was proposed (see Jöreskog, 1973). Although the effects of errors-in-variables has not been addressed in logistic regression, it is easy to show with survey data that logistic regression and variables measured with error may produce false positive (Type II) and false negative (Type I) errors (see Appendix C). While other techniques are available for these variables when they are used with other fallible measures (see Bentler, 1989:5 for a summary; also see Jöreskog, 1990), they have yet to be used in marketing.

Another technique for estimating these models is to use PRELISs capability to produce asymptotically correct matrices when one or more model variables is dichotomous (see Jöreskog and Sörbom, 1996a). However, the requirement for the number of cases based on the input covariance matrix size either restricts studies to a small number of variables, or requires more cases than the typical marketing study.

An alternative approach for these models involves substituting propensity or intention variables for dichotomous variables when the dichotomous variables involve actions (see Ping, 1993).

SUMMARY AND SUGGESTIONS FOR STEP VI-- VALIDATING THE MODEL
Ideally, model adequacy should be demonstrated with at least two sets of data, one to calibrate the model and one to validate the model from the calibration step. However, in marketing this second step is seldom taken.

Typically validation of a model involves assessing model-to-data fit using fit indices, evaluating the explained variance in the model (which is typically small), and examining the significance of the path coefficients. The indices used to assess model-to-data fit should include the chi-square statistic, GFI, AGFI, standardized residuals greater than two versus chance, the largest standardized residual, CFI, and RMSEA. AIC, CAIC, and ECVI should be used to compare models.

Model fit can be improved by reducing nonnormality, correlated exogenous variables, and correlated structural disturbances. In general exogenous variables should be correlated, and structural disturbance terms should not without theoretical justification. Nevertheless, structural disturbance intercorrelations should be investigated, because of the potential for structural coefficient bias and false negative (Type I) and false positive (Type II) findings. Other techniques such as altering the model and correlated measurement errors should be avoided without theoretical justification.

Estimation error, the error inherent with estimation techniques such as regression and structural equation analysis when the assumptions behind these techniques are violated, is an obstacle to clean inference in model validation studies. These assumptions include i) the model is correctly specified (i.e., all important intercorrelated antecedents are modeled, which is seldom the case). ii) For OLS regression the variables are error free (which is almost never true). iii) In regression and structural equation analysis the variables are continuous (i.e., measured on interval or ratio scales). iv) In structural equation analysis the variables are normally distributed, and the sample is sufficiently large for the asymptotic (large sample) theory behind structural equation analysis to apply. Because these assumptions are typically violated in most model validation studies in marketing there is risk in generalizing the observed significant and nonsignificant relationships to the study population.

Outside of marketing structural equation analysis (e.g., using EQS and LISREL) is replacing OLS regression in model validation studies because regression produces path coefficients that are biased and inefficient for variables measured with error. However, regression will probably continue to be used in marketing studies because of its accessability. However, when using regression in model validation studies, measures should be highly reliable (e.g., probably above .85) to minimize this bias and inconsistency.

For the typically ordinal data in model tests, polychoric input correlation matrices should be used with WLS if the number of cases permit. If sample is small (e.g., 200 cases) ML should be used, but a less distributionally dependent estimator such as ML-Robust (in EQS) should be used to verify the standard errors and chi-square statistics because survey data are likely to be nonnormal, and ML estimates of standard errors and chi-square statistics are believed to be nonrobust to departures from nonnormality.

Five or more points should be used for measures to improve reliability. Because the greatest attenuation occurs with fewer than 5 points, rating scales should contain 5 or more points.

If second-order constructs are not particularly unidimensional, approaches such as estimating a second structural model with the second-order constructs measurement parameters fixed at the measurement model values should be used. If the second structural model leads to different interpretations alternative models such as structural models with trimmed nonsignificant paths in the first (unfixed) model should be investigated to see if significant paths become nonsignificant.

In general missing values should be handled by dropping cases with missing values. If data are not missing at random these missing values should be imputed.

The plausibility of interactions and quadratics should be considered at the model development stage. In addition, because disconfirmed or wrong-signed observed relationships can be the result of an interaction or quadratic in the population equation, interactions and quadratic should be investigated.

Dichotomous variables can be avoided by using propensity variables instead. If they are present in a model with latent variables, a large number of cases should be collected so that PRELIS can be used to generate asymptotically correct model matrices, or techniques for estimating models with combinations of these dichotomous and latent variables should be investigated. In addition, the use of logistic regression with dichotomous variables and other variables measured with error should be avoided. There is a risk that the resulting coefficient estimates could be biased, and false negative and false positive interpretations could result.

Because indirect effects can be significant when direct effects are not, or total effects can be different from direct effects, indirect and total effects should be investigated after the hypothesized model is estimated, to improve the interpretation of hypothesized relationships.

(end of chapters)

� It is believed that a longitudinal research design is sufficient for inferring causality.


� Modification indices can be used to suggest model paths that could be freed. When constrained to zero, the X ( Y path will produce a modification index for the X ( Y path and a modification index for the X ( Y path.


� Because OLS regression also relies on the sample correlation matrix, it is likely OLS regression coefficients are also biased by the use of ordinal data or averages of ordinal data. However the effects of this data on regression-based estimators such as OLS and logistic regression have not been studied, and are unknown.


� Generalizing from a single study involves recommending interventions based on the results of the study at hand (see Footnote 5 for more).


� There is also a wald test in EQS that can be used to find free parameters that should be fixed at zero. However the resulting model-to-data fit is typically degraded.


� There is also a Wald test in EQS that can be used to find free parameters that should be fixed at zero. However this typically degrades model fit.


� The effects of measurement error on discriminant analysis is similar to OLS regression, but their effects on logistic regression are unknown. There are errors-in-variables approaches for regression using variables measured with error (see Feucht 1989 for a summary), but these techniques have yet to appear in marketing studies.
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